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Abstract:

Objective: Long coronavirus disease (long COVID) represents a significant burden on healthcare systems and requires
enhanced management strategies. There is a critical need for more comprehensive care and targeted healthcare services
for affected populations. This study aimed to develop a clinical prediction scoring system for long COVID in patients
recovering from COVID-19.

Material and Methods: This prospective cohort study collected data at Thammasat University Hospital and the
Thammasat Field Hospital during the Delta- and Omicron-variant-dominant epidemics. Phone interviews regarding long
COVID symptoms were conducted with 2516 patients at 3 months post-infection. A stepwise logistic regression model
was employed to develop the final predictive model for long COVID.

Results: In total, 40.46% of patients exhibited long COVID symptoms 3 months after infection. Our model comprised
5 predictors: dyspnea, healthcare worker status, female gender, severity of acute illness, and variant dominant wave.
With a sensitivity of 57.1% and a specificity of 67.3% at 3 months, the risk score exhibited an area under the receiver

operating characteristic curve of 0.62 for long COVID prediction. The probability of long COVID for each risk score point
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was also reported. The Hosmer—Lemeshow test (p-value=0.49) indicated good model calibration, with closely aligned

observed and expected frequencies.

Conclusion: The predictive risk score demonstrated satisfactory accuracy in identifying COVID-19 patients at high risk

of developing long COVID 3 months post-infection.
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Introduction

The prevalence of long COVID at 3 months based
on a pooled estimation was approximately 42%"* and
it continues to burden patients during their recovery,
with severity and duration varying by individual factors.
Certain patients with long-lasting COVID-19 exhibited only
moderate symptoms or were asymptomatic throughout the
acute phase of the infection; this resulted in the delayed
onset of some symptoms by several weeks up to 2 years®”.
Despite the declining emergency status of COVID-19,
physicians and clinical researchers are actively updating
their knowledge and practices regarding long COVID
management. Fatigue, cognitive dysfunction, dyspnea, and
sleep disturbances are among the most frequently reported
symptoms of long COVID, with fatigue and neurocognitive
impairment often persisting for over 6 months in a
substantial proportion of patients®”. Prolonged symptom
duration can significantly impair physical functioning,
occupational performance, and psychosocial well-being,
particularly in working-age individuals. These long-term
effects pose a considerable burden on healthcare systems
and societal productivity®®. At present, no disease-specific
treatment has been established, and current management
strategies remain largely supportive'®. Considering these
challenges, preventive measures including vaccination,
early identification of high-risk individuals, and mitigation
of reinfection are essential to reduce the incidence and
duration of long COVID".

Previous studies, systematic reviews, and meta-

analyses had a follow-up at approximately 4 months,
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collecting 49 symptoms that met the inclusion criteria
for long COVID. This study reported common systemic
symptoms of long COVID, including fatigue and weakness,
pain, and neurological, gastrointestinal, and cardiopulmonary
symptoms, along with mental health issues. Long COVID
follow-up times varied widely depending on individual
studies’.

Being female was the highest impact predictor
for long COVID. A meta-analysis revealed that women
experienced cell cycle process changes, immune
dysregulation, and histone modifications'. Additional
variables, including comorbidities and older age, remain
controversial. Nevertheless, ethnicity served as a predictor
in numerous studies on long COVID. Studies from different
countries included a range of district predictors that varied
across studies, which could be attributed to differences in
each country’s population, which inevitably had an impact
on the prediction model™.

Patients after survival to hospital discharge or
recovery from COVID-19 have been frequently found to
have long COVID, especially in cases of moderate-to-
severe acute illness. Most such patients were reported
to have long COVID"™. In contrast, individuals with
asymptomatic or mild acute infection have not demonstrated
a consistent association between initial illness severity and
the duration of long COVID"™. Recovery in these cases
may be either brief or prolonged, and the severity of the
acute phase alone does not reliably predict the course or
duration of long COVID. Some studies have described this

presentation as delayed symptom onset®.
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Prediction models for long COVID are currently
limited, with most studies originating from Western countries
and lacking standardized case definitions and outcome

measures'"®

. Differences in symptom presentation,
prevalence, geography, and culture across populations
highlight the need for localized prediction models—
particularly in underrepresented settings such as Thailand,

19,20
. In

where research on long COVID remains scarce
response to this gap, our study aimed to develop a simple
and practical clinical prediction model to identify patients
at risk of long COVID 3 months after recovery. This model
may support more effective screening and clinical decision-
making, especially in primary care settings or resource-

limited environments.

Material and Methods

Setting

A prospective cohort study was conducted at
Thammasat University Hospital (TUH) and its affliate, the
Thammasat Field Hospital (TFH), to examine the frequency
and features of long COVID in patients in Thailand from
May 2021 to June 2022, when the Delta and Omicron
variants were most prevalent. These were crucial periods
in the local spread of the disease. TUH, a tertiary-care
academic hospital with a capacity of 700 beds, caters to a
wide population in northern Bangkok and central Thailand.
TFH, with 490 beds, was established to provide medical
services to patients with asymptomatic or mild COVID-19.
This ensured that patients at all levels of severity received
thorough and complete care. All subjects gave informed

consent for participation on their first visit.

Participants

The study population included adults aged =18
years who visited TUH or TFH and tested positive for
SARS-CoV-2 via nasopharyngeal RT—-PCR. Individuals
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with positive RT-PCR results were approached for consent
to participate in the study, resulting in a total of 2,516
participants.

They were interviewed by telephone 3 months after
their COVID-19 diagnosis. The participants included 1,018
individuals diagnosed during the Delta-dominant wave
and 1,498 individuals from the Omicron-dominant wave.
Participants were COVID-19 patients aged =18 years
diagnosed with COVID-19 via a positive nasopharyngeal
Real-time Polymerase Chain Reaction (RT-PCR) test
for SARS-CoV-2 at TUH and TFH. Regarding the
representativeness of the sampling, we approached all
patients who tested positive for SARS-CoV-2 via RT-PCR
during the study period and invited them to participate based
on informed consent. However, we did not have data on the
specific COVID-19 variant or sub-lineage for each case.
Based on data from the Thai Ministry of Public Health,
the Delta variant predominated from July to December
2021, while Omicron became dominant from January 2022
onward. National surveillance reported Delta in 88%—100%
of cases through mid-December 2021, with Omicron rising
to 94%—-100% by mid-January 2022. This trend aligns with
our findings, where Omicron was identified in 97.8% of 363
adult cases (BA.1: 64.8%, BA.2: 35.2%)'. Exclusion criteria
included death or loss to follow-up within 3 months, inability
to communicate in Thai, refusal to provide phone consent,

or being unreachable by phone.

Patients with long COVID and data collection

Our study utilized 2 data sources. First, demographic
parameters, comorbidities, history of COVID-19
immunization, and pertinent clinical data, including gender,
age, smoking history, highest level of education, vaccination
history (including number of doses), and comorbidities,
such as cardiovascular diseases (CVD), chronic lung

diseases, diabetes mellitus, chronic kidney disease (CKD),
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stroke, and cancer, were obtained for each participant from
the TUH database. The classification of disease severity
followed the guidelines set by the National Institutes of
Health (NIH), categorizing cases as asymptomatic, mild,
moderate, severe, or critical. Treatment for all patients
adhered to standard protocols recommended by the
Department of Medical Services, Ministry of Public Health
(MOPH). We confirmed each patient’s vaccination status
before COVID-19 infection using the MOPH immunization
database. Full vaccination was defined as receiving at least
2 doses, following Thai governmental guidelines.

Data on acute COVID-19 severity and symptoms were
recorded. Symptoms were categorized as follows: respiratory
(e.g., cough, sore throat, rhinorrhea, sputum production,
dyspnea), neurological (headache), musculoskeletal
(myalgia), gastrointestinal (diarrhea), ear, nose, and throat
(loss of smell, loss of taste), and dermatological (rash, red
eye).

Second, due to the delay in the release of the ICD-
10 with the code U09.9 for long COVID for standardized
use, a symptom-based structured questionnaire created by
the Thai Ministry of Public Health was used to assess long
COVID through telephone interviews. The question asks
whether the symptoms that the respondents observed in
themselves were ongoing or newly occurring in order to
exclude symptoms that might not be related to long COVID.
Research assistants were trained in patient interviewing
to ensure consistent interviews. The timing of the long
COVID interviews was the same for both periods—at 3
months post-infection—during an ongoing emergency
situation. The questionnaire covered symptoms: dyspnea,
cough, chest tightness, palpitation, headache, attention
deficit, memory loss, insomnia, diarrhea, myalgia, arthralgia,
dizziness, lack of appetite, loss of smell, loss of taste, rash,

alopecia, depression, stress, exhaustion, and weakness.

Journal of Health Science and Medical Research

Statistical analysis

Common long COVID symptoms were selectively
classified per systematic reviews and meta-analyses. The
13 symptoms compiled included fatigue and weakness;
neurological symptoms included headache, attention deficit,
memory loss, and insomnia; cardiopulmonary symptoms
included dyspnea, cough, chest constriction, and palpitations;
gastrointestinal symptoms included diarrhea; and mental-
health symptoms included depression and stress.

Patient characteristics were described using
frequencies and percentages, and those with and without
common long COVID were compared using the chi-square
test. All potential predictors for the prediction score were
identified by comparing patients with and without long
COVID at 3 months. All predictors were included in stepwise
backward logistic regression models using a p-value<0.1
as the cutoff. In multivariable analysis, all variables were
classified into binaries. A simple point system was developed
for the score based on the coefficients from the final logistic
model. The lowest beta coefficient was used to standardize
and scale the other coefficients, assigning point values
proportionally.

After assigning scores, a cut-off point for
differentiating the risk of long COVID at 3 months was
determined using the Liu method. This statistical approach
identifies the optimal threshold by maximizing the product of
sensitivity and specificity, thereby balancing true positive and
true negative rates®. The prediction accuracy of the model
was evaluated using the area under the receiver operating
characteristic curve (AUROC), sensitivity, specificity, positive
predictive value, negative predictive value, and likelihood
ratio for a positive test. The calibration was assessed by
calibration plots, and goodness-of-fit tests were performed
to compare observed and predicted probabilities. The
analyses were conducted using STATA version 14.0
(StataCorp, College Station, TX, USA) [StataCorp, 2015].
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Ethical considerations
This study was approved by the Ethics Committee of
Thammasat University (Medicine, MTU-EC-PE-1-332/64).

Results

Patient characteristics

A total of 2,516 patients were followed up 3 months
after contracting COVID-19 during the Delta- and Omicron-
dominant waves. Of these, 40.46% (1018 patients) had long
COVID as defined by the NICE guidelines, and 70.33% of
these long COVID patients were female. As seen in Table
1, significant characteristics included female gender, being
a healthcare worker, severe and critical acute illness, less
than 2 doses of the vaccine, and symptoms of acute illness,

including cough, sore throat, and dyspnea.

Model development

In Table 2, we present the multivariable logistic
regression model of all the predictors. The final backward
logistic regression model is presented in Table 3. The final
model includes 10 predictors: female sex, obesity with body
mass index (BMI) =25 kg/m? occupation in the healthcare
sector, severe and critical symptoms during acute illness,
the Omicron-dominant infection wave, cough, myalgia,
dyspnea, and loss of smell during acute iliness. Of these
characteristics, female gender, the Omicron-dominant wave,
and occupation in the healthcare sector appeared to have
the highest predictive power, with odds ratios of 2.29, 2.05,
and 1.64, respectively.

The total score for the predictive model was 10.5
points from 10 predictors. We calculated the summary
risk score by summing the scores of all 5 items (Table 3).
The 10.5-point total score includes 2.4 points for being
female, 1.0 point for being a healthcare worker, 3.4 points
for experiencing severe or critical illness during the acute

phase, 2.3 points for being infected during the Omicron-
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dominant wave, and 1.4 points for having dyspnea during
acute illness. For example, if a female patient was infected
with COVID-19 during the Omicron-dominant wave and
experienced severe illness during the acute phase, the
cumulative risk score for long COVID would be 2.4 (female)
+ 2.3 (Omicron) + 3.4 (severe/critical iliness), resulting in

a total of 8.1 points.

Model validation & calibration

The total score of 10.5 points was divided by a
2.85-point threshold. Individuals with a score greater than
or equal to 2.85 were categorized as having long COVID.
The AuROC for the final regression model was 0.62. The
model’s sensitivity and specificity were 57.1% and 67.3%,
respectively. Additionally, the positive predictive value
was 54.2%, and the negative predictive value was 69.7%
(Table 4).

A calibration plot was graphed between the predicted
probability and observed probability. The plot revealed a
chi-square correlation coefficient of 4.40. The item score
for each variable was determined by dividing its regression
coefficients by the lowest coefficient value (0.33) of the model
and rounding the result to one decimal place (Figure 1).

The risk scores were plotted against the actual
proportions of long COVID at each individual risk score
point (Figure 1). The calculated likelihood of the risk score
closely matched the observed patterns in the prevalence
of long COVID, indicating that the risk score was well
calibrated. Moreover, the goodness of fit between observed
and predicted probabilities was acceptably correlated with
p-value 0.4936.

Discussion
Our study developed a clinical prediction scoring
system for Long COVID in patients recovering from

COVID-19. The strengths of our research include the
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Table 1 Baseline characteristics of monitoring common long COVID at 3 months during the Delta and the Omicron

dominant variant waves

Total Long COVID No long COVID p-value®
(N=2,516) (N=1,018) (N=1,498)

Variant of concern <0.001*
Delta 1128 (44.83) 345 (30.59) 783 (69.41)
Omicron 1388 (55.17) 673 (48.49) 715 (51.51)

Sex — no (%) (100%) <0.001*
Female 1892 (41.02) 716 (70.33) 768 (51.27)
Male 2681 (58.98) 302 (29.67) 730 (48.73)

Age — no (%) 0.984
Older 60 years 386 (15.34) 156 (15.32) 230 (15.35)
Under 60 2130 (84.66) 862 (84.68) 1268 (84.65)

Occupation — no (%)
Healthcare 268 (10.65) 144 (14.15) 124 (8.28) <0.001*
Obesity (BMI =25 kg/m°) 975 (38.86) 403 (39.70) 572 (38.29) 0.475

Education level — no (%) 0.882
Primary & secondary 1370 (54.78) 552 (54.60) 818 (54.90)
Bachelor& postgraduate 1131 (45.22) 459 (45.40) 672 (45.10)

Comorbidities — no (%)
Cardiovascular disease 410 (16.30) 169 (16.60) 241 (16.09) 0.732
Chronic lung disease 96 (3.82) 41 (4.03) 55 (3.67) 0.647
Diabetes mellitus 237 (9.42) 142 (9.48) 95 (9.33) 0.901
Chonic kidney disease 51 (2.03) 23 (2.26) 28 (1.87) 0.565
Stroke 40 (1.59) 21 (2.06) 19 (1.27) 0.143
Cancer 42 (1.67) 19 (1.87) 23 (1.54) 0.530

Severity at acute illness <0.001*
Asymptomatic & mild 2068 (82.23) 813 (79.86) 1255 (83.83)
Moderate 350 (13.92) 145 (14.24) 205 (13.69)
Severe & critical 97 (3.86) 60 (5.89) 37 (2.47)

Vaccine history <0.001*
2 doses 883 (35.10) 297 (29.17) 586 (39.12)
More than 2 doses 1633 (64.90) 721 (70.83) 912 (60.88)

Common symptoms at acute illness
Cough 1329 (52.82) 567 (55.70) 762 (50.87) 0.017*
Sore throat 1121 (44.55) 490 (48.13) 631 (42.12) 0.003*
Myalgia 214 (8.51) 98 (9.63) 116 (7.74) 0.097
Rhinorrhea 519 (20.63) 219 (21.51) 300 (20.03) 0.366
Sputum production 253 (10.06) 104 (10.22) 149 (9.95) 0.825
Dyspnea 183 (7.27) 183 (9.14) 90 (6.01) 0.003*
Headache 455 (19.08) 196 (19.25) 259 (17.29) 0.209
Diarrhea 55 (2.19) 25 (2.46) 30 (2.00) 0.446
Loss of smell 168 (6.68) 62 (6.09) 106 (7.08) 0.331
Loss of taste 70 (2.78) 27 (2.65) 43 (2.87) 0.744

*Statistical significance, Data are numbers (%), BMI=body mass index, COVID=coronavirus disease
“Comparison between long COVID and no long COVID
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Table 2 Full model of long COVID by multivariable logistic

regression model

AOR [95% CI] p-value®

Female sex 2.25 (1.88-2.68) <0.001*
Age =60 years 0.85 (0.64-1.13) 0.260
Healthcare worker 1.26 (0.96-1.72) 0.090
Obesity (BMI =25 kg/m°) 1.16 (0.97-1.39) 0.095
Education level

Primary & secondary 1.20 (1.00-1.44) 0.047*

Bachelor& postgraduate Ref
Vaccine more than 2 doses 1.25 (0.99-1.57) 0.066
Omicron variant dominant wave  2.11 (1.69-2.64) <0.001*
Cardiovascular diseases (CVD) 0.97 (0.74-1.29)  0.852
Chronic lung diseases 0.93 (0.59-1.46) 0.741
Diabetes mellitus 0.86 (0.62-1.19) 0.352
Chronic kidney diseases (CKD) 0.94 (0.49-1.79) 0.848
Stroke 1.34 (0.66-2.74)  0.417
Cancer 1.09 (0.54-2.20)  0.800
Severity at acute illness

Asymptomatic & mild Ref

Moderate 1.29 (1.00-1.67) 0.050*

Severe & critical 3.71 (2.27-6.08) <0.001*
Symptoms during acute illness

Cough 1.09 (0.91-1.30) 0.350

Sore throat 1.05 (0.88-1.26) 0.577

Myalgia 1.32 (0.98-1.78) 0.072

Rhinorrhea 1.05 (0.85-1.30) 0.626

Sputum production 0.82 (0.61-1.08) 0.161

Dyspnea 1.49 (1.07-2.08) 0.019*

Headache 1.06 (0.85-1.32) 0.627

Diarrhea 1.13 (0.64-2.01) 0.669

Loss of smell 1.12 (0.75-1.66) 0.582

Loss of taste 1.28 (0.71-2.30) 0.407

Adjusted odds ratio at 3 months by female sex, age, healthcare
worker, obesity, education level, vaccine doses, dominant variant
wave, CVD, chronic lung diseases, diabetes mellitus, chronic kidney
diseases, stroke, cancer, severity and symptoms during acute illness
AOR=Adjusted odds ratio by multivariable logistic regression
*Comparison between common long COVID and no common long
COVID at 3 months

utilization of RT-PCR to diagnose all patients, resulting
in a large sample size for predicting long COVID at 3
months, covering both the Delta and Omicron variant waves
in Thailand. The predictive model demonstrated that our

10.5-point risk score was both moderately sensitive and
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valid in predicting the risk of developing common long
COVID 3 months after infection.

The predictors included in our risk score are
largely consistent with those identified in previous studies
as significant risk factors for long COVID. In the medical
literature, female gender, severe and critical acute illness,
dyspnea, and severe acute illness are frequently cited

2% gevere and critical acute illness was

as risk factors
the most significant risk factor in our risk score, receiving
the highest possible point value of 3.4. Consequently,
the interpretation is more straightforward for COVID-19
patients who experience severe or critical acute illnesses.
Individuals with additional risk factors are more susceptible
to developing long COVID. However, our study found that
the Omicron variant was associated with a higher risk of
long COVID compared to the Delta variant, whereas the
majority of studies report the opposite®. The hypothesis
regarding the prevalence of long COVID and its underlying
biological mechanisms remains unclear. Interestingly, our
findings are consistent with those from Maharat Nakhon
Ratchasima Hospital in Thailand, which also reported a
higher prevalence of long COVID during the Omicron wave
compared to the Delta wave. They attributed this to greater
genetic variation in the Omicron spike protein, particularly
within the receptor-binding domain and receptor-binding
motif, which may enhance transmissibility and immune
evasion. Furthermore, differences in the types and doses
of vaccines used in Thailand may complicate direct
comparisons with international data’.

Our risk score could be beneficial for screening
COVID-19 patients at high risk for common long COVID
at 3 months. At-risk patients can then be prioritized for
close follow-up, and innovative interventions can then be
developed for them.

Previous studies of prediction models for long COVID

using statistical and machine learning techniques have
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Prediction Model for Long COVID Chaichan C, et al.

Table 3 Final multivariable logistic regression model with long COVID as the outcome variable

Regression Odds ratio 95% CI of odds ratio p-value Assigned score
Coefficient
Sex
Male Ref +0
Female 0.80 2.23 1.87-2.65 <0.001 +2.4
Occupation
Non-healthcare Ref +0
Healthcare 0.33 1.39 1.06-1.81 0.017 +1.0
Severity at acute illness
Asymptomatic & mild Ref +0
Severe & critical 112 3.07 1.94-4.87 <0.001 +3.4
Variant of concern
Delta Ref +0
Omicron 0.76 2.14 1.80-2.55 <0.001 +2.3
Dyspnea symptoms
No Ref +0
Yes 0.45 1.56 1.13-2.16 0.007 +1.4

Pseudo R°=0.06, AUROC=0.62

Table 4 Accuracy of the risk score

Cutoff point AuROC (95% Cl) Sensitivity (95% Cl) Specificity (95% CI) PPV (95% Cl) NPV (95% CI) LR+ (95% Cl)

>2.85 0.62 (0.60-0.64)  57.1 (54.0-60.1) 67.3 (64.8-69.6) 54.2 (51.2-57.3) 69.7 (67.3-72.1) 1.74 (1.59-1.91)

AuROC=area under receiver operating characteristic curve, PPV=positive predictive value, NPV=negative predictive value, LR+=likelihood
ratio if test positive

Predicted risk

(= o L

Observed risk

|

Calibration plot of observed vs predicted risk for developing common long COVID; Hosmer-Lemeshow chi-square test on modeling showed
the goodness of fit for logistic regression analysis (X?=4.40, p-value=0.494).

Predicted risk ~ ® Observed risk

Figure 1 Calibration plot (observed probability versus predicted probability) for long COVID
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identified different predictors®™'

. Antony et al. developed
a predictive model from electronic health records to predict
long COVID by machine learning. Their model included 8
predictors: age, female gender, cough, fatigue, albuterol,
obesity, diabetes, and chronic lung diseases. The AUROC
was 0.76 and 0.75 as per a logistic regression and
random forest model, respectively. Moreover, Kessler et
al. developed a model using a gradient-boosting classifier
from machine learning. It had the highest recall score at
72%, with a specificity of 80% in a test data set separated
from the total data set (20%). The model collected 14
predictors including dominant variant waves, physician
practice, age, diagnostic and treatment management,
length of stay, sex, vaccine history, somatoform disorders,
migraine, back pain, asthma, malaise, fatigue, and cough®.
In contrast, Honchar et al. found that worse physical function
during acute illness was not associated with long COVID.
They developed and reported a model with 7 predictors
comprising age, sex, CRP levels in-hospital, eGFR, need
for oxygen supplementation, symptoms after discharge with
assessment using the 6-Minute Walk Test, and Medical
Research Council dyspnea score®. Although the AUROC
of 0.62 indicates limited discriminatory performance, and
the sensitivity (57.1%) and specificity (67.3%) reflect modest
accuracy, these values are not uncommon in early prediction
models for complex, heterogeneous conditions like long
COVID. It is important to note that this model was developed
using real-world data during an emergency setting, where
limitations in data quality and availability were necessary.
Nonetheless, the model provides a foundation for identifying
potential risk factors, including novel predictors such as
healthcare-worker status. With further refinement, such as
incorporating additional validated variables, using larger
or more diverse datasets, and applying more advanced
modeling techniques, its predictive accuracy may be

improved for practical clinical use.

Journal of Health Science and Medical Research

These models were similar to our model in terms of
sex, severity, and dyspnea during acute iliness as predictors.
Being female was a particularly strong predictor, which our
model rated 1.4 out of a total score of 10.5. Our model
also identified being a healthcare worker as an important
predictor in the final model, with 1.0 point of the total
10.5-point score. A systematic review discusses vulnerable
workers in a healthcare setting'. Myalgia during acute illness
was another predictor of long COVID. Kessler et al. reported
that the Omicron variant predicted long COVID. Although
age in our study was not a predictor in the model, it might
be variably categorized such that older adults are not a
discrete variable. Myalgia during acute iliness was another
predictor of long COVID. Kessler et al. also reported that
the Omicron variant predicted long COVID.

Our study has several limitations. First, the predictive
model might have been improved if additional data had
been collected, such as other comorbidities (e.g., asthma),
laboratory results, type of vaccination, access to care,
and treatments received during the acute phase of iliness.
Second, due to the emergency epidemic situation, our
physicians were unable to conduct face-to-face follow-
up visits to clinically confirm the presence of long COVID
symptoms or to obtain laboratory results. This limitation may
have introduced potential inaccuracies or inconsistencies in
identifying and classifying long COVID cases. To minimize
data collection errors, however, we provided thorough
training to research assistants involved in administering the
questionnaires and managing follow-up communications.
Additionally, the questionnaire used to assess long COVID
was not a formally validated diagnostic instrument and relied
entirely on patients’ self-reported information without clinical
corroboration. This approach may have led to the inclusion
of vague or unrelated symptoms not directly associated
with long COVID. Third, the study did not include biomarker

measurements to support the prediction model—such as
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C-reactive protein and serum cytokines (e.g., IFN, IL-
6, IL-10, IL-1, and TNF)—despite many studies having
attempted to use these biomarkers to predict long COVID.
Lastly, we did not have data on the sub-lineages of the
SARS-CoV-2 variants.

Conclusion

The predictive risk score exhibited acceptable
accuracy in identifying long COVID and effectively identifying
individuals at a high risk of developing long COVID 3
months after infection. These results may help inform patient

management by predicting long COVID.
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