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Abstract

Background: The existing risk prediction models for COVID-19 associated mortality have not considered the differences in risk fac-
tors across different age groups of patients.

Aim: To develop age-specific prediction models to forecast the risk of all-cause mortality in patients recovering from COVID-
19 infection.

Design: Population-based, retrospective cohort study.

Methods: Patients with COVID-19 between 1 April 2020 and 31 July 2022 survived beyond the acute phase of infection were stratified
into separate age cohorts (<45, 45-64, >65) and followed-up for 1year. Backward stepwise logistic regression and four statistical and
machine learning algorithms were employed to develop age-specific models on the risk of post-acute mortality following COVID-19
infection, based on a comprehensive set of clinical parameters including demographics, COVID-19 vaccination status, pre-existing
comorbidities and laboratory-test findings.

Results: Of the 891 246 patients with COVID-19 identified, 13 578 (1.05%) died within 1 year of the index date. Age, COVID-19 vaccina-
tion status and history of acute respiratory syndrome prior infection were identified as predictors in the models for separate age
groups. The model for patients aged >65 exhibited excellent prediction performance with an AUROC of 0.87 (95% CI: 0.87, 0.88), fol-
lowed by the model for patients aged 45-64 [AUROC = 0.83 (95% CI: 0.81, 0.85)] and those aged <45 [AUROC=0.79 (95% CI: 0.72, 0.86)].
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Conclusion: The age-specific models accurately predicted the risk of post-acute mortality in their corresponding age groups of
patients, providing valuable asset in optimizing clinical strategies and resource allocation in the management of the global burden of

Long COVID.

Introduction

Since the outbreak of the COVID-19 pandemic in 2019, there have
been over seven billion confirmed cases and seven million deaths
reported worldwide, with most of these recorded among older
adults." Whilst many patients recover from the acute phase of
the illness, as much as 80% of patients continue to experience
persistent and newly developed symptoms or adverse clinical
outcomes beyond the acute infection. The current literature re-
ferred post-acute sequelae of SARS-CoV-2 (PASC), also known as
Long COVID, as clinical presentation which persists or develops
30days following the initial COVID-19 infection.? The constella-
tion of signs and symptoms of PASC could range from mild symp-
toms including fatigue, shortness of breath and cognitive
impairment to severe complications including acute respiratory
distress syndrome (ARDS), sepsis and multi-organ failure, which
could lead to mortality in severe cases.>® Despite the milder dis-
ease severity associated with the dominant Omicron variant and
the gradual reduction in the spread COVID-19, over 16 000 new
cases of infection continued to be reported worldwide every
week.! Previous studies have reported an approximately 4-fold
increase in risk of post-acute all-cause mortality amongst
patients with COVID-19 compared to their matched non-COVID-
19 controls.” The considerable risk increase and the large popula-
tion of patients with COVID-19 at risk of developing post-acute
sequelae following infection raise the need for more effective
strategies to identify individuals at high risk of poor clinical prog-
nosis and subsequent death following their infection.

Emerging evidence throughout the course of the pandemic
has demonstrated the association of age, certain comorbidities
and severe COVID-19 conditions with various post-acute adverse
outcomes of COVID-19 including hospital admission or death.®-*°
Nevertheless, physiological changes and dysregulation in the im-
mune system and inflammatory response associated with aging
have led to the speculation on the variations in the associated
risk factors across patients of different age.'*"** Building on the
current knowledge of the risk factors associated with poorer
prognosis of COVID-19 infection, various prognosis predictive
models with the aim of predicting the risk of Long COVID, hospi-
tal admission and mortality amongst patients with COVID-19
have been devised and implemented to support clinical decisions
in hospital settings.***” Nonetheless, existing prediction models
have focused mainly on the prediction of the risk of adverse clini-
cal outcomes after COVID-19 during the earlier acute phase of in-
fection. Besides, the risk prediction based on the same factors
across patients of different age could compromise the accuracy
of previous models. Lastly, laboratory measurements, such as el-
evated levels of inflammatory markers and lower cycle threshold
(CT) value, which have been identified as important predictors of
disease severity of infection, were not included in previous pre-
diction models for the post-acute outcomes of patients with
COVID-19.

This study aims to develop age-specific prediction models on
the risk of post-acute mortality following COVID-19 infection
drawing on a diverse range of clinical parameters, including
demographic information, pre-existing medical conditions,
COVID-19 vaccination history and laboratory measurements.
Robust statistical models devised based on key predictive risk

factors serve as a valuable tool for identifying high-risk patients
in clinical settings.

Materials and methods
Data source

The study extracted patient’s electronic medical records from
the Hong Kong Hospital Authority (HKHA) database. As a statu-
tory body, HKHA is responsible for managing all public hospitals
and ambulatory clinics in Hong Kong. The healthcare service is
accessible to more than 7.3 million HK residents, covering around
80% of all routine hospital admissions and all patients diagnosed
with COVID-19. The electronic medical records in the HKHA
database comprised disease diagnoses recorded during planned
or unplanned doctor consultations, hospital visits and emer-
gency visits. This facilitates the prompt recording of medical
records for all users of public health services in HK. Vaccination
records were provided by the Department of Health, the
Government of Hong Kong Special Administrative Region. Death
records were obtained from the Hong Kong Deaths Registry. The
database has been used in previous studies on the long-term se-
quelae of COVID-19 infection, COVID-19 vaccines, oral antiviral
safety surveillance and effectiveness evaluation.”- %24

Study design and population

The base population for this study was defined as patients aged
18years or above with a SARS-CoV-2 infection (confirmed by ei-
ther rapid antigen test [RAT] adopted for self-testing or polymer-
ase chain reaction [PCR] test in throat swab, nasopharyngeal
aspirate or deep throat sputum specimens conducted in hospital
and community testing centres) between 1 April 2020 and 31 July
2022. For patients with multiple records of positive COVID-19
screening test, the date of the first record of positive result from
either PCR or RAT were taken as the date of their COVID-19 infec-
tion. Patients were stratified by age into under 45, 45-64 and 65
or over representing young adults, middle-age and older adults,
respectively.?>*° Patients who survived the acute phase of infection
(30days post-infection) were eligible as study population for predic-
tion model development. The index date of patients was defined as
30days after COVID-19 infection. Each patient was followed-up
from the index date until their death or 12months from the index
date (the last record was on 31 August 2023), whichever occurs
the earliest. This study followed the Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis or Diagnosis
(TRIPOD) reporting guideline for prognostic studies.”’

Outcome

The outcome of this study was post-acute all-cause mortality
within 1year of index date.

Predictors

A comprehensive range of predicting variables was selected
based on the risk factors for poor prognosis following COVID-19
infection including patients’ characteristics, comorbidities and
laboratory-test parameters. Specific patient’s characteristics in-
cluded age, sex, history of COVID-19 vaccination (2/+ doses), his-
tory of disease diagnoses involving multiple organ systems
defined by the International Classification of Diseases, Ninth
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Revision, Clinical Modification (ICD-9-CM; Supplementary Table
S1) were selected as potential predictors. These variables were
measured on index date whilst laboratory testing results were
obtained within 14 days infection to capture the rapid onset of
changes following COVID-19 infection. The specific disease diag-
noses and laboratory-test results selected for model develop-
ment were further described in Supplementary Method S1.

Statistical analysis

Before model construction, univariate analysis adjusting for age
and sex only was conducted to assess the association between
each candidate predictor and all-cause mortality. The significant
predictors were then included in a multivariable regression
model and were examined by variance inflation factors (VIFs).
Predictors with a VIF above 3 were excluded to avoid multi-collin-
earity between variables.?® Descriptive characteristics were sum-
marized using counts and percentages for categorical variables
and mean and standard deviation for continuous variables.

The cohort of individuals from each age strata were divided
randomly into training set and validation set in the ratio of 7:3.
To develop age-specific prediction models for post-acute 1-year
all-cause mortality, logistic regression with backward selection
and four statistical and machine learning algorithms were per-
formed in different age groups using training sets. The predictors
selected by backward logistic regression were determined by
Bayesian Information Criterion (BIC).?**° In the developed model,
we further tested the multicollinearity assumption by VIF and
linearity assumption by the Box-Tidwell test and plotting the nu-
merical parameters (i.e. age) and the log odds of the outcome
(Supplementary Figure S1).2* The squared age term was included
in the prediction model for patients over 65 to satisfy the linearity
assumption of the model. Stepwise Cox proportional hazards re-
gression with backward selection by BIC was also conducted,
however, due to the violation of the proportional hazard assump-
tion and the relatively short followed-up of 1year, logistic regres-
sion with backward selection was chosen for the current analysis
(Supplementary Table S2). Four additional statistical and ma-
chine learning algorithms represent a spectrum of modelling
strategies ranging from penalized regression, Least Absolute
Shrinkage and Selection Operator (LASSO) to tree-based ensem-
ble methods, random forest, eXtreme Gradient Boosting
(XGBoost) and Light Gradient-Boosting Machine (LightGBM) were
employed to cross-validate the findings in ensuring the robust-
ness of findings and independence on the choice of a single algo-
rithm.??>* These models, which do not demand adherence to
statistical assumptions typically required by conventional mod-
els, are merited for their capability to consider complex, nonlin-
ear interactions in clinical data.*® Detailed description on the
development and hyperparameters tuning of the statistical and
machine learning models were provided in Supplementary
Method S2 and Table S3.

Model performance in the testing sets was evaluated by exam-
ining discrimination and calibration. Discrimination was
assessed by the area under receiver operating characteristic
curve (AUROC) and the area under precision recall curve
(AUPRC). The precision-recall curve can be more informative in
imbalanced datasets.*® The reference value for AUPRC was the
prevalence of all-cause mortality in each age group (0.06% in
those under 45; 0.47% in patients aged 45-64; 4.56% in patients
over 65), whereas the reference value for AUROC was O0.5.
Sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV) and F1 score of the models were also
reported at different predicted probability cutoffs. Calibration
was graphically depicted in calibration plot between the

predicted probability and observed probability, and measured by
calibration slope, calibration-in-the-large (i.e. intercept in the
calibration plot) and the Hosmer-Lemeshow goodness-of-fit test.
The 95% confidence interval (CI) of performance measures was
estimated by bootstrapping using the percentile method.

Further sensitivity analyses were conducted by including only
(i) patients hospitalized during the acute phase of COVID-19 and
(ii) individuals screened positive by PCR testing. Data cleaning
and logistic regression analyses were conducted by R version
3.6.3, and statistical and machine learning were conducted by
Python (version 3.9.13) and PyCharm 2022 (Professional Edition).

Results

A total of 901 801 patients with COVID-19 between 1 April 2020
and 31 July 2022 were identified, in which 891 246 patients sur-
vived the acute phase and were included in prediction model de-
velopment. Of the 891 246 COVID-19 survivors, 13 578 (1.05%)
died within 1year of the index date. These patients were strati-
fied into three age groups: <45 (n=306 338), 45-64 (n =324 085),
>65 (n=260 823). Patients aged >65 had a highest rate of all-
cause mortality within 1year of 4.56%, followed by patients aged
45-64 and <45 with 0.47% and 0.06%, respectively (Table 1). The
cumulative number of deaths after COVID-19 infection was plot-
ted in Supplementary Figure S2. The univariate analysis adjust-
ing for age and sex showed that older patients, males, with less
than two doses of vaccination, existing chronic diseases (except
for psychotic disorder, Bell's palsy, hypertension and anxiety),
developed ARDS during the acute phase and abnormal levels of
biomarkers shortly after the infection were associated with in-
creased risk of mortality within 1year after COVID-19 infection
(Supplementary Table S4). The statistically significant factors
were included in a multivariable logistic model and tested for
multicollinearity, where five correlated factors with high collin-
earity were excluded in feature selection process. A total of 27
candidate predictors were eventually selected, taking into ac-
count the VIF estimated (Supplementary Table S5).

Figure 1 illustrates the performance of different prediction
models in each age group against the testing sets. Models devel-
oped by separate statistical and machine learning model exhibit
comparably high predictive performance. Given the parsimoni-
ous and greater clinical interpretability of model developed by
the logistic regression, the model based on logistic regression was
identified as the preferred model for clinical application
(Supplementary Tables S6-S8). Models developed for patients
aged over 65 achieved the highest predictive performance
[AUROC: 0.87 (95% CI 0.87, 0.88); AUPRC: 0.29 (95% CI 0.27, 0.30)],
followed by the model for patients aged 45-64 [AUROC: 0.83 (95%
C10.81, 0.85); AUPRC: 0.10 (95% CI 0.07, 0.13)] and those aged <45
[AUROC: 0.79 (95% CI 0.72, 0.86); AUPRC: 0.02 (95% CI 0.01, 0.04)].
Table 2 and Supplementary Table S9 present the performance
measures at different probabilities cutoffs for age-specific mod-
els. All models were well calibrated with intercepts and slopes of
the calibration plots close to 0 and 1, respectively (Figure 2 and
Supplementary Figure S3).

The odds ratios of selected predictors estimated are summa-
rized in Table 3. The prediction model for 1-year all-cause mor-
tality varied across different age groups. Age, sex, receipt of two
doses of vaccination, ARDS before infection and lymphocyte
were found to be significant predictors across all the models,
while the model for patients aged 45-64years additionally in-
cluded ARDS during acute phase of COVID-19, heart failure,
ESKD, type 2 diabetes, seizure, DVT and CT; the model for those
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Models for Age 18-44
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Figure 1. Comparison of AUROCs and AUPRCs of different prediction models against the testing sets in separate age groups.

Table 2 Performance of logistic regression model against testing sets in each age groups at different predicted probability cut-offs

PPV (%)

NPV (%)

F1 (%)

Risk cut-offs Sensitivity (%) Specificity (%)
Model 18-44

0.05% 78.18 (67.27, 88.89) 66.28 (65.98, 66.56)
0.1% 54.55 (42.01, 67.21) 90.58 (90.38, 90.76)
0.2% 34.55 (22.58, 47.30) 97.66 (97.56, 97.75)
Model 45-64

0.2% 88.33 (85.28,91.26) 48.90 (48.58, 49.22)
0.5% 64.99 (60.72, 69.34) 85.54 (85.32, 85.76)
1% 53.32 (48.73, 58.08) 94.06 (93.92, 94.20)
Model 65+

2% 91.10 (90.18, 92.09) 63.95 (63.61, 64.29)
4% 81.18 (79.85, 82.48) 79.17 (78.87, 79.45)
5% 76.23 (74.82,77.56) 82.95 (82.68, 83.22)

0.14 (0.10, 0.19)
0.35 (0.23, 0.48)
0.88 (0.54, 1.27)

0.77 (0.70, 0.85)
1.99 (1.76, 2.22)
3.89 (3.38, 4.41)

10.66 (10.31, 11.03)
15.55 (15.02, 16.05)
17.43 (16.81, 18.01)

99.98 (99.97, 99.99)
99.97 (99.96, 99.98)
99.96 (99.95, 99.97)

99.89 (99.86, 99.92)
99.82 (99.79, 99.84)
99.78 (99.75, 99.80)

99.35 (99.28, 99.42)
98.89 (98.81, 98.97)
98.66 (98.57, 98.75)

0.28 (0.20, 0.37)
0.69 (0.46, 0.95)
1.71 (1.05, 2.46)

1.54 (1.39, 1.68)
3.86 (3.43, 4.30)
7.26 (6.35, 8.18)

19.09 (18.52, 19.68)
26.10 (25.31, 26.83)
28.38 (27.49, 29.21)

PPV: positive predictive value; NPV: negative predictive value.
The values denote the estimates (and 95% confidence interval).

aged >65 years included the addition of ARDS during acute phase
of COVID-19, heart failure, ESKD, seizure, myocardial infarction,
stroke, atrial fibrillation, DVT, CPD, CT and serum ferritin.
Increased age and fewer than two doses of vaccination showed
similar adverse effects on 1-year all-cause mortality across age
groups, while the adverse effects of ARDS before infection de-
creased with age from OR of 21.63 (95% CI: 8.82, 53.02) for
patients aged <45, 6.72 (95%CI: 5.15, 8.75) for patients aged 45-
64, to 2.61 (95% CI: 2.32, 2.94) for patients aged >65. For patients
aged between 45 and 64, the adverse effect of ARDS during acute
phase of COVID-19 [OR 4.70 (95% CI 2.82, 7.83)] was lower than
ARDS before infection, whereas in patients aged over 65, ARDS
during acute phase became to exhibit higher risk [OR 3.72 (95% CI
3.04, 4.55)] than ARDS before infection at the same age group. In
addition, all morbidities included in the models were associated
with higher risk of all-cause mortality. Of the laboratory

parameters, lymphocyte <1.0 x 10°/1 and serum ferritin >400ng/
ml was associated with higher risk of all-cause mortality, while
the absence of laboratory variables constituted to a lower risk of
all-cause mortality.

Patients requiring hospital admission following SARS-CoV-2
infection incurred a higher rate of mortality (N=6753 [12.91%]),
with a more complete record of laboratory parameters
(Supplementary Table S10) Models developed among hospital-
ized patients identified comparable predictors and consistent di-
rection for risk factors associated with mortality, with the
absence of laboratory variables shown to constitute to a greater
risk of all-cause mortality (Supplementary Tables S11 and S12).
As routine blood tests are typically performed for hospitalized
patients, missing laboratory data may reflect distinct comorbid-
ity profiles or early mortality before testing. Given the uncer-
tainty surrounding the absence values in this group of patients,
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Calibration Curve for logistic model in patients aged 18-44
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Figure 2. Calibration plots for logistic models against the testing sets in separate age groups.

the findings should be interpreted cautiously and not over-
interpreted. The characteristics of patients with COVID-19 identi-
fied through either a positive PCR and RAT screening test were
presented and compared in Supplementary Table S13. Prediction
models for patients with PCR developed demonstrated largely
consistent findings in the predictors identified in the main analy-
sis (Supplementary Tables S14 and S15 and Figures S4 and S5).

Discussion

This study reported age-specific risk prediction models for all-
cause mortality within 1year of post-acute COVID-19 infection
accounting for variations in risk factors associated with poor dis-
ease prognosis among patients as they age. Advancing age, in-
complete COVID-19 vaccination, reduced lymphocyte count and
history of ARDS were significant predictors contributing to an in-
creased risk of mortality across patients of all age groups. The
model for middle-age and older adults further included existing
comorbidities including heart failure, end-stage renal diseases,
diabetes and other laboratory variables including CT value, and
absolute neutrophil count as predictors. All models demon-
strated excellent predictive capability with AUROC of 0.8 or
above; in particular, the model for patients aged >65 achieved an
AUROC of 0.9. The variation in the predictors identified along
with the potential physiological differences associated with aging
highlighted the clinical benefit in the enhanced predictive accu-
racy of age-specific models reported compared to existing mod-
els. Through adopting robust statistical modelling techniques,
the findings provided further understanding on the various risk
factors associated with post-acute mortality identified through
the current data-driven process. The evidence generated serve as
crucial step in the research roadmap address the intricate chal-
lenges posed by Long COVID.*’

Our risk prediction model identified several key clinical
parameters which could influence the risk of all-cause mortality
within one year of acute COVID-19 infection across all age groups
of patients. Firstly, the associated increased risk with advanced
age highlighted the greater susceptibility for severe COVID-19 in-
fection and clinical manifestations in older adult, emphasizing
the need for focused care amongst these patients.*®3? Secondly,
complete vaccination with two or more doses of COVID-19 vac-
cines was observed to confer a protective effect against mortality
within 1year of infection, supporting the effectiveness of COVID-
19 vaccines in reducing the risk and persistence in risk of PASC
including all-cause mortality.>*

The development of ARDS, whether prior to or during acute
COVID-19 infection, was associated with increased post-acute

mortality across all age groups. Given that the respiratory system
serves as the primary target for SARS-CoV-2 infection, viral pneu-
monia caused by severe ARDS could impair alveolar gas ex-
change and perfusion, resulting in subsequent irreversible
damage to the vital organs.®>***** Notably, this study identified
an age-dependent pattern where ARDS during the acute phase
posed a greater risk in older adults, likely due to diminished re-
covery capacity and pulmonary reserve, suggesting the acute re-
spiratory deterioration from acute infection may be a more
critical prognostic factor than chronic respiratory condition in
this age group of patients. Furthering to the existing evidence in-
dicating the association between cardiovascular and renal disor-
der with poorer prognosis following COVID-19 infection, this
study identified specific patient groups with certain conditions
that may face an elevated risk of mortality during the post-acute
phase of COVID-19.7%%*%> These insights provide essential guid-
ance for clinical decision-making.

Beyond the common parameters affecting the risk of mortality
in patients across all age, several clinical and haemological
abnormalies were found to be associated with increased risk of
mortality in different age groups of patients. Firstly, a reduced
lymphocyte counts was identified as a significant predictor
across all the age groups whilst an elevated level of ferritin was
associated increased risk of mortality among older patients aged
65 or above. Given the correlation between lymphopenia with
COVID-19 severity, our current findings provided further insight
into the pathophysiology of PASC attributed to the irreversible or-
gan damage associated with severe condition of COVID-19,
resulting in subsequent mortality beyond the acute infection.***
Secondly, an increased CT values indicating a low viral load was
not associated with a greater risk of post-acute mortality. The ab-
sence of the biological markers and CT value measurements
amongst the general population of patients could indicate cases
of milder disease severity, where testing was deemed unneces-
sary by clinical judgment or in patients managed in community
settings where RT-PCR testing were performed less regularly.
This lower severity constituted to a lower risk of mortality over
the long-term. Whilst abnormal levels of laboratory parameters
were often observed in severe COVID-19 disease, physiological
changes in the immune systems levels of inflammatory cyto-
kines and biomarkers associated with aging could lead to varia-
tion in the composition of cells and soluble mediators involved in
both innate and adaptive immune responses within lymphoid
and non-lymphoid peripheral tissues. These changes determine
not only the susceptibility to infections, but also the disease pro-
gression and subsequent clinical outcome, thus implicating the
need for considering specific parameters in forecasting the risk of
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post-acute mortality in different age groups of patients as well as
emphasizing the need for the age-stratified models reported in
clinical settings.'"***%%° By leveraging the extensive clinical fea-
tures present in our electronic health record (EHR) data, models
reported this study, especially that developed based on hospital-
ized patients with a lower proportion of missing measurements
of laboratory-based predictors, were able to account for the var-
iations in physiology and risk factors across patients of different
ages comprehensively as well as provide more accurate predic-
tion on the risk of post-acute mortality compared to exist-
ing models.

While prior research has aimed to facilitate patient-level risk
assessment for adverse outcomes of COVID-19, existing predic-
tion models are susceptible to biases arising from studies con-
ducted on highly-selective cohorts and limited transparency.®
As illustrated by the Supplementary Figure S1, the nonlinear re-
lationship between age and post-acute mortality could under-
mine the accuracy of the existing prediction models developed
for patients of all age. The extensive clinical features, including
laboratory-based measurements and coverage of patient’s medi-
cal records within the territory-wide hospital database provided
a comprehensive and reliable source for the development of indi-
vidualized prediction models taking into consideration of the
age-specific physiology to enhance the accuracy in the risk pre-
diction generated through our current models. The stepwise lo-
gistic regression adopted in the development of models for
separate age groups also ensures the accuracy and selection of
the most relevant predictors for the separate patient cohorts
compared to existing models developed for the general popula-
tion. The highly consistent findings in the predictors identified
through different statistical modelling approaches further em-
phasized the robustness of our prediction model.

Nevertheless, this study is subjected to several limitations.
Firstly, the current logistic model did not include complex terms
such as nonlinear relationships and interactions between varia-
bles. However, statistical and machine learning models which
took these complex relationships into account achieved compa-
rable predictive performance, suggesting a low degree of interac-
tions between predictors and the lack of significant nonlinear
association between predictors and outcomes. To facilitate the
ease of clinical application, such complex terms were not in-
cluded to maintain simplicity of the prediction model. Secondly,
the variant of COVID-19 was not considered in the models
reported owing to data availability. However, owing to the suc-
cess in containing the Alpha and Delta variants through its zero
COVID policy, it is expected that the majority of cases of COVID-
19 included in our current study were caused by the Omicron
variant.”! Thirdly, the comorbidity profile of patients within our
study population could change over the course of the follow-up.
However, given the relatively short follow-up period of 1year,
any significant change in patient’s chronic health conditions af-
fecting its survivability is considered unlikely. Fourthly, mild dis-
eases and symptoms such as fatigue and shortness of breath
were not included as parameters in our prediction model.
However, such mild symptoms presented following COVID-19 in-
fection were unlikely to result in a severe COVID-19 condition or
subsequent mortality, thus should not greatly affect the
accuracy of this model. Furthermore, the inclusion of laboratory-
based parameters such as inflammatory markers and bio-
markers provided a more accurate data indicating the severity of
COVID-19 of individual patients in predicting patient’s prognosis.
Lastly, lifestyle factors including smoking, drinking and exercise
habits were not considered due to the lack of relevant data.

Nevertheless, the comprehensive laboratory parameters and the
disease diagnosis incorporated would reflect on the health status
of individual patients.

Conclusion

This study reported age-specific risk prediction models for
all-cause mortality within lyear beyond the acute phase of
COVID-19 infection based on a comprehensive range of patient
demographics, clinical diagnosis and laboratory-based parame-
ters. Models developed for separate age group demonstrated high
prediction performance. Given the vast number of individuals
with a history of COVID-19 infection and the limited healthcare
resources available, the findings from this study may assist clini-
cians in identifying patients at higher risk of mortality following
COVID-19 infection, optimizing clinical strategies and resource
allocation to alleviate the global burden of Long COVID.
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