International Journal of Infectious Diseases 164 (2026) 108378

Contents lists available at ScienceDirect

INTERNATIONAL

International Journal of Infectious Diseases E?sgéiiescnous
journal homepage: www.elsevier.com/locate/ijid
Static and dynamic scoring systems for post-acute sequelae of n

SARS-CoV-2 in a Korean Cohort

Gyeongdeok Seo ', Hyejin Joo?', Kyungwoo Song '/, Mingyu Kim', Eun Ju Jung?,

Eu Suk Kim?, Jae-Hoon Ko>, Jin Seo Lee®, Joon Young Song’, Jun-Won Seo?,

Jun Yong Choi?, Ki Tae Kwon'?, Seung Soon Lee ', Wan Beom Park'?, Won Suk Choi 3,
Yae Jee Baek ', Yong Kyun Kim '°, Hye Won Jeong '°, Jaehun Jung?, Jacob Lee 7~

1 Department of Statistics and Data Science, Yonsei University, Seoul, Republic of Korea

2 Department of Preventive Medicine, Korea University College of Medicine, Seoul, Republic of Korea

3 Division of Infectious Diseases, Department of Internal Medicine, Hallym University Dongtan Sacred Heart Hospital, Hwaseong, Republic of Korea

4 Department of Internal Medicine, Seoul National University Bundang Hospital, Seoul National University College of Medicine, Seongnam, Republic of Korea
5 Division of Infectious Diseases, Department of Medicine, Samsung Medical Center, Sungkyunkwan University School of Medicine, Seoul, Republic of Korea
6 Division of Infectious Diseases, Department of Internal Medicine, Kangdong Sacred Heart Hospital, Hallym University College of Medicine, Seoul, Republic
of Korea

7 Division of Infectious Diseases, Department of Internal Medicine, Korea University Guro Hospital, Korea University College of Medicine, Seoul, Republic of
Korea

8 Division of Infectious Diseases, Departments of Internal Medicine, College of Medicine, Chosun University, Gwangju, Republic of Korea

9 Division of Infectious Diseases, Department of Internal Medicine, Yonsei University College of Medicine, Seoul, Republic of Korea

10 pivision of Infectious Diseases, Department of Internal Medicine, Kyungpook National University Chilgok Hospital, School of Medicine, Kyungpook National
University, Daegu, Republic of Korea

" Division of Infectious Diseases, Department of Internal Medicine, Chuncheon Sacred Heart Hospital, Hallym University College of Medicine, Chuncheon,
Republic of Korea

12 pepartment of Internal Medicine, Seoul National University College of Medicine, Seoul, Republic of Korea

13 Division of Infectious Diseases, Department of Internal Medicine, Korea University Ansan Hospital, Ansan, Republic of Korea

14 Division of Infectious Diseases, Department of Internal Medicine, Soonchunhyang University Seoul Hospital, Soonchunhyang University College of
Medicine, Seoul, Republic of Korea

15 Division of Infectious Diseases, Department of Internal Medicine, Hallym University Sacred Heart Hospital, Anyang, Republic of Korea

16 Department of Internal Medicine, Chungbuk National University College of Medicine, Cheongju, Republic of Korea

17 Division of Infectious Diseases, Department of Internal Medicine, Kangnam Sacred Heart Hospital, Hallym University College of Medicine, Seoul, Republic
of Korea

ARTICLE INFO ABSTRACT
Artic{e history: Objectives: Persistent symptoms after SARS-CoV-2 infection (PASC, long COVID) remain a major public-
Received 28 October 2025 health concern. We developed a data-driven definition and static and dynamic PASC scoring systems in a

Revised 23 December 2025

multicenter, prospective-retrospective observational cohort across 12 South Korean institutions.
Accepted 7 January 2026

Methods: Adults enrolled December 2022-March 2025 were followed up to 24 months; 8761 were re-
cruited (7208 infected; 1553 controls) and 4668 met analysis criteria (4388 infected; 280 controls). Using

Keywords: participant-reported symptoms, surveys, and laboratory data, we identified nine symptoms robustly as-
AgeUSi{i sociated with PASC, with anosmia/ageusia and fatigue most influential.
283?3“;9 Results: A static score integrating indicators observed within 24 months yielded an optimal threshold of

13, classifying 19% of infected participants and 4% of controls as PASC positive. A dynamic score track-
ing six-month intervals showed symptom burdens peaking at 0-5 months post-infection and declining
thereafter; at the same threshold, 33% of infected participants were classified as PASC positive, reflecting
temporal fluctuation.
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Conclusion: These data establish a quantitative definition of PASC and introduce a dynamic scoring frame-
work to identify and monitor PASC, supporting future clinical research and practice.
© 2026 The Authors. Published by Elsevier Ltd on behalf of International Society for Infectious Diseases.

This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Background

The COVID-19 pandemic continues to affect global public health
[1]. Beyond the initial illness period, a substantial number of indi-
viduals experience persistent, relapsing, or new symptoms, a con-
dition broadly termed post-acute sequelae of SARS-CoV-2 infection
(PASC), or long COVID. With symptoms spanning multiple organ
systems, this syndrome substantially lowers health-related quality
of life and challenges healthcare systems globally [2-4].

PASC has become a significant focus of clinical research glob-
ally, with numerous studies investigating its long-term symptom
trajectories and diverse clinical presentations to understand the
condition better [5]. A landmark effort is the Recovery (RECOVER)
Initiative, a large-scale cohort study that developed a data-driven
PASC definition using a multi-symptom scoring system and iden-
tified 12 key symptoms [6]. A follow-up study a year later re-
fined this definition, increasing symptom specificity by adding in-
dicators like shortness of breath and sleep apnea while remov-
ing broader categories such as gastrointestinal symptoms [7]. How-
ever, its findings are based on a US population, necessitating ro-
bust data from other demographic groups, particularly from Asian
populations. Despite growing recognition of PASC, its definition re-
mains heterogeneous, and estimates of its prevalence vary across
studies [8,9]. Notably, most existing assessment tools lack a scor-
ing system that reflects the time-dependent importance of symp-
toms. Furthermore, there has been a lack of research characterizing
PASC within the Korean population [10,11]. To address these gaps,
our study utilizes a data-driven approach to develop static and dy-
namic PASC scores from a Korean cohort with frequent, scheduled
follow-ups.

We aim to identify core indicators that distinguish infected
from uninfected individuals. We then propose two distinct scoring
systems: (1) Static PASC score, which provides a cumulative assess-
ment to determine PASC status based on several indicators occur-
ring up to 24 months after infection, and (2) Dynamic PASC score,
which tracks the temporal trend of indicators in 6-month intervals,
offering insights into the natural history of the condition. By ana-
lyzing a comprehensive set of symptoms, surveys, and laboratory
data, this research provides a quantitative framework to support
clinical diagnosis, guide future research, and ultimately improve
patient care.

2. Methods
2.1. Study design

This cohort study included prospective and retrospective com-
ponents to investigate long-term COVID-19 sequelae in the Korean
population and assess symptom trajectories. Adults were enrolled
between December 2022 and March 2025 and classified as infected
or control participants based on confirmed SARS-CoV-2 infection
status.

The infected cohort was stratified by interval from last infec-
tion to enrollment: <6 months (predominantly <3 months) and >6
months (typically 6-24 months). Infection was diagnosed by poly-
merase chain reaction (PCR) or rapid antigen testing in healthcare
facilities. Self-test kit results were not considered confirmed infec-
tion for study inclusion.
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After enrollment, participants in the <6-month post-infection
group were assessed at 1, 3, and 6 months, while those in the >6-
month post-infection group were evaluated every 6 months. The
control group underwent SARS-CoV-2 N-protein antigen testing at
their initial visit to exclude asymptomatic cases and confirm a neg-
ative status. Control participants were followed at 1-, 3-, and 6-
months intervals. Data collection was conducted at 12 institutions
(eTable 1); the >6-month post-infection group was followed by 10
of them.

A total of 8761 participants were enrolled, comprising 7208 in-
fected individuals and 1553 controls. All participants submitted
written informed consent, and the protocol was reviewed by the
institutional review boards of each participating center. Compari-
son of incomplete and final cohorts showed no significant differ-
ences in infected group and only minor sex and job variations in
controls (eTable 2).

2.2. Participants

We constructed the final cohort using a two-stage exclusion
process. The initial stage involved exclusions based on data in-
tegrity and adherence to protocol. Key exclusions included control
infected during follow-up, individuals who withdrew consent, and
those with missing or invalid infection dates. The second stage in-
volved exclusions based on the specific requirement for statistical
analysis. Participants were excluded if they lacked sufficient longi-
tudinal data for the dynamic analysis. This two-stage process re-
sulted in a final analysis cohort of 4668 participants, comprising
4388 infected individuals and 280 controls, which were included
in both the static and dynamic analyses (Figure 1, eFigure 1).

2.3. Exposures and outcomes

The primary exposure for this analysis was SARS-CoV-2 infec-
tion. For the infected participants, who have multiple hospital vis-
its, the index date is defined for each visit as the date of the most
recent SARS-CoV-2 infection prior to that visit. For the uninfected
participants, the index date was the date of their N-protein antigen
test.

Data collection encompassed participant demographics, Charl-
son Comorbidity Index (CCI) scores [12], 29 self-reported symp-
toms, 4 standardized questionnaires (e.g., EQ-5D-5L, EQ-VAS,
HADS, PHQ-9) [13,14], and 56 laboratory results. We integrated
survey scores with symptom reports and binarized all survey
and lab variables based on clinical or standard reference ranges
(eMethods, eTable 3).

Primary outcomes were self-reported symptoms, question-
naires, and laboratory results (eTable 3), assessed between 1 and
24 months post-index date for the infected group (excluding 0-1-
month acute phase) and 0-24 months for the uninfected group.
The missing data profiles and procedures for handling them are
detailed in eMethods and eTable 4.

2.4. Statistical analysis
We employed Inverse Probability Weighting (IPW) (eMethods),

achieving absolute standardized mean differences of less than 0.1
for all covariates (eFigure 2). Inspired by the RECOVER study [6,7],
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8,761 Participants enrolled as of May 2, 2025

l

7,208 SARS-CoV-2 Infected at baseline
who gave written informed consent

1,386 Excluded
903 Dropout or Withdrawal?
476 Filtered by observation-
period criteriab
7 Missing CCl value &
Invalid infection date

5,822 Infected participants
who met all analysis criteria
4,388 Infected participants with records

in at least two time points for dynamic analysis?

Figure 1. Cohort participants flowchart.

|

1,553 SARS-CoV-2 Uninfected at baseline
who gave written informed consent

1,262 Excluded
953 N-Protein positive®
242 On-study infection®
63 Dropout or Withdrawal?
4 Missing CCl value &
Age<18

291 Uninfected participants

who met all analysis criteria

280 Uninfected participants with records
in at least two time points for dynamic analysis?

aThis includes the cases of withdrawal in informed consent by participants or legally acceptable representatives, loss to follow-up, and exclusion based on the investigator’s

judgment, and other reasons.

bParticipants were excluded if all available visits occurred within 1 month after the index date or the first visit occurred more than 2 years after the index date (eFigure 1).
For included participants, corresponding visits were also excluded; participant demographic characteristics were retained.

¢“N-Protein positive” refers to participants who tested positive on the N-Protein antigen test at their initial visit after selection and were subsequently dropped from the
study due to the infection. “On-study infection” refers to cases in the control group who became infected during a study visit.

dFor the dynamic analysis, participants were required to have symptom and survey data in at least two of the four 6-month follow-up intervals (months 0-5, months 6-11,

months 12-17, and months 18-23).

Collectively, participants who were lost to follow-up, lacked data for at least two follow-up intervals as described above, became infected during visits for the control group,
or had a missing Charlson Comorbidity Index (CCI) score were defined as incomplete cases. Baseline characteristics for this group are summarized in eTable 2.

we employed a weighted logistic LASSO regression for variable se-
lection. The identified variables are used to calculate static and dy-
namic PASC scores.

We conducted a subcohort analysis to mitigate potential re-
call bias and compare post-acute sequelae across pandemic peri-
ods. This involved comparing two distinct subcohorts: recent in-
fection subcohort (last infection before initial visit in February or
after February 2023, and the entire control group), and past in-
fection subcohort (last infection before initial visit before February
2023, and the entire control group). The selection of February 2023
as the reference point is based on a change in the distribution pat-
tern observed before and after this date (eFigure 3).

2.4.1. Variable selection

Candidate variables were divided into baseline covariates (age,
age squared, CCI, and binary indicators for pre-existing symptoms)
and post-index health indicators (symptoms present during follow-
up, standardized questionnaires, and laboratory tests) (eTable 3).
After filtering variables (eTable 4), we fit the weighted logistic
LASSO regression model to identify a parsimonious set of indica-
tors with a positive coefficient (eMethods).

2.4.2. Static analysis: PASC score development

The static PASC score provides a cumulative assessment of
symptom burden over the entire 24-month post-infection period.
A weighted logistic LASSO regression model was employed again
to predict infection status using the variables selected in the pre-
vious stage. Each symptom’s score (static PASC score) was derived
by multiplying its final log-odds ratio from the model by 10 and
rounding to the nearest integer. A participant’s score was calcu-
lated by summing the contributions of their reported symptoms.
For most symptoms, reported as present (1) or absent (0), the con-
tribution was determined by multiplying this value by the symp-
tom’s assigned score. Fatigue was reported on a 0, 0.5, or 1; for
this symptom, the resulting product was rounded up.

3

2.4.3. Dynamic analysis: temporal PASC score trajectories

The dynamic PASC score assesses the longitudinal trajectory of
health status across consecutive 6-month intervals (eMethods). The
24-month follow-up was divided into four 6-month intervals: t = 1
(0-5 months), t = 2 (6-11 months), t = 3 (12-17 months), and
t = 4 (18-23 months). This 6-month discretization harmonizes the
follow-up data collected at varying frequencies (1, 3, and 6 months
for the <6-month post-infection group vs 6-month intervals for
the >6-month post-infection group). Since most symptoms occur
within the first 6 months but some patients show delayed im-
provement after 1 year, a 6-month interval provides the granularity
to capture both initial recovery and long-term changes.

Acute phase data (0-1 months) were excluded from t = 1 for
the infected group. Given temporal correlations in symptom trajec-
tories, we employed a functional data analysis approach (eMeth-
ods) [15]. Variables with a static score >1 were considered in the
dynamic analysis. We constructed a Functional Multivariable Lo-
gistic Regression (FMLR) model [16,17] that estimates time-varying
effects of symptoms on infection. Each symptom score at time t
was derived from approximating its impact on the log-odds ratio
of COVID-19 infection and scaled by 10 and rounded to the near-
est integer (eMethods). A participant’s overall score was the sum
of symptom values multiplied by scores at each time point, then
summed across four points and rounded to the nearest integer.

2.4.4. Infected-only comparative analysis

Given the widespread prevalence of SARS-CoV-2, we focused
our analysis specifically on the infected cohort. The outcome was
defined as a binary variable indicating whether a patient’s static
score met or exceeded a specific threshold, signifying the presence
of persistent sequelae. This definition was applied analogously
to the dynamic score and its corresponding threshold. Predictors
included variables used for calculating balancing weights, base-
line covariates, post-infection health indicators, vaccination pro-
files, and viral variants (eTable 5). We utilized Lasso logistic regres-
sion to identify and report coefficients with significant magnitudes.
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Table 1
Participants’ characteristics in the analysis cohort.
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Characteristic? No. (%)

Infected (N = 4388) Uninfected Uninfected, weighted
(N = 280) (N = 4656)

Age (years)

Median [IQR] 44.0 [34.0-56.0] 45.0 [35.0-54.0] 43.0 [35.0-54.0]
Sex

Female 3191 (73) 180 (64) 3415 (73)

Male 1197 (27) 100 (36) 1241 (27)
COVID-19 vaccination®

Unvaccinated 132 (3) 7 (2) 100 (2)

1 dose 42 (1) 3(1) 56 (1)

2 doses 710 (16) 39 (14) 574 (12)

3 doses 2651 (61) 164 (59) 2800 (60)

4 doses 252 (6) 16 (6) 267 (6)

5 doses 557 (12) 44 (16) 760 (16)

6 or more doses 44 (1) 7 (2) 98 (2)
Marital status

Married 3043 (69) 176 (63) 3196 (69)

Unmarried 1345 (31) 104 (37) 1460 (31)
Insurance type

National health insurance 4321 (98) 277 (99) 4566 (98)

Medical aid 67 (2) 3(1) 90 (2)
Alcohol consumption

Yes 2004 (46) 140 (50) 2144 (46)

No 2384 (54) 140 (50) 2512 (54)
Smoking status

Current 349 (8) 51 (18) 411 (9)

Never 4039 (92) 229 (82) 4245 (91)
Job status (pre-infection)

Employed 3190 (73) 205 (73) 3406 (73)

Unemployed 1198 (27) 75 (27) 1250 (27)
Household members

1 760 (18) 63 (23) 816 (18)

2 933 (21) 56 (20) 988 (21)

3 1030 (23) 71 (25) 1185 (25)

4 1328 (30) 74 (26) 1372 (29)

>5 337 (8) 16 (6) 295 (6)
Region

Metropolitan area 3838 (87) 228 (81) 3993 (86)

Non-metropolitan area 550 (13) 52 (19) 663 (14)
Education status

Elementary school 75 (2) 4 (1) 103 (2)

Middle school 157 (3) 11 (4) 120 (3)

High school 817 (19) 47 (17) 819 (18)

College 2836 (65) 181 (65) 3037 (65)

Graduate school or higher 503 (11) 37 (13) 576 (12)

2 Characteristics for the excluded participants are described in eTable 2. Additionally, the characteristics of those in the subcohort are described in eTable 6 and eTable 7.
b Vaccination information was included in the analysis to characterize the participants, though it was not directly factored into the Inverse Probability Weighting (IPW)

process.

3. Results
3.1. Participant characteristics

The distribution of COVID-19 vaccination status was similar
across both groups, with approximately 60% of participants in
each group having received three doses (Table 1). Current smok-
ing was more prevalent in the uninfected group (18%) compared
to the infected group (8%). Household composition, region, and ed-
ucation were generally balanced. These distributions were further
confirmed in the weighted uninfected group, which was adjusted
to match the infected group on key covariates. We also visual-
ized the characteristics of participants for the subcohort (eTables 6
and 7).

3.2. Symptom frequency

Across all participants in the analysis cohort, those with a his-
tory of infection showed markedly higher odds of experiencing a
broad spectrum of post-acute symptoms compared to the unin-

4

fected group (eFigure 4). Respiratory symptoms, including cough
(aOR 2.64, 95% CI 2.35-2.97) and sputum (aOR 2.13, 95% CI 1.92-
2.37), were elevated among infected individuals. Neurologic symp-
toms such as headache (aOR 2.97, 95% CI 2.61-3.39), dizziness
(aOR 2.82, 95% CI 2.47-3.23), and anosmia/ageusia (aOR 9.31, 95%
Cl 7.02-12.35) showed strong associations, alongside fatigue (aOR
3.62, 95% CI 3.23-4.06). Infected participants consistently reported
more symptoms across multiple organ systems, highlighting the in-
fection’s broad impact. A similar tendency is also noted in the sub-
cohort (eTable 8, eFigures 5 and 6).

3.3. PASC-defining symptoms and static score

The initial variable selection process identified a total of 10
features, including sleep disturbance. Subsequently, to calculate a
static score for the analysis cohort, the LASSO regression model
was applied again. The nine features ultimately reported were
those that received a score of 1 or higher from this final static
model: fatigue, anosmia/ageusia, palpitations, difficulty concentrat-
ing, rash, muscle weakness, chest pain, menstrual cycle changes,
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Table 2
Static PASC score and dynamic PASC score.
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Symptoms Static score? Dynamic score®

Coefficients Static score Score at ¢t = 1P Score at ¢ = 2P Score at ¢ = 3P Score at ¢ = 4"
Fatigue® 0.925 9 5 5 5 5
Anosmia/ageusia 0.517 5 10 7 5 4
Palpitations 0.452 5 2 2 1 1
Difficulty 0.349 3 1 1 1 1
concentrating
Rash 0.298 3 3 2 2 1
Muscle weakness 0.25 2 1 1 1 1
Chest pain 0.221 2 4 3 2 1
Menstrual cycle 0.186 2 2 1 1 1
changes
Cough 0.089 1 2 2 2 1

Abbreviation: PASC, post-acute sequelae of SARS-CoV-2 infection.

2 Both Static and Dynamic PASC scores were calculated by multiplying the log-odds ratio coefficient from the final model for each symptom by 10 and
rounding to the nearest integer. For the dynamic PASC score, the log-odds ratio at each time point was derived through approximations (eMethods). Data from
the acute phase of infection (months 0-1) were excluded for the infected group. Static PASC score aggregated symptoms over the entire period, whereas the

dynamic score aggregated them by specific intervals.

b For the dynamic analysis, the 24-month follow-up period was divided into four 6-month intervals: t = 1 (0-5 months), t = 2 (6-11 months), t = 3 (12-17

months), and t = 4 (18-23 months).

¢ Fatigue was assessed using the Fatigue Assessment Scale (FAS), a validated self-reported instrument designed to measure the severity of fatigue.

and cough (Table 2). Fatigue and anosmia/ageusia received high
static PASC scores (9 and 5, respectively). Symptoms such as dizzi-
ness, cognitive difficulties, and myalgia were correlated with the
selected symptoms (eTable 9). Participants’ scores were calculated,
and the optimal threshold for the PASC score was determined
using the uninfected cohort, such that no more than 5% were
classified as PASC-positive. Based on this criterion, the optimal
threshold for the PASC score was set at 13 (Figure 2). At this
threshold, 19% among infected participants are classified into PASC
positive (eTable 10). The distribution of PASC scores also differed
between the post-infection and control groups with over 70% of
control group having a score of zero (eTable 11). The process of
calculating the threshold utilized all 10 of the initially selected
variables, and the average AUROC based on 5-fold cross-validation
is reported as 0.705.

3.4. Temporal trend of PASC: dynamic analysis

The dynamic analysis shows how the significance of PASC
symptoms changes over the 24-month follow-up period. Dynamic
PASC scores assigned to most symptoms were highest during the
first period and subsequently declined (Table 2). Fatigue remains
consistent across all time points, indicating its persistent signif-
icance; consequently, individuals experiencing fatigue throughout
the follow-up period are highly likely to be classified as PASC pos-
itive. Anosmia/ageusia exhibits high scores at ¢t = 1, followed by a
notable decrease by t = 4. Despite this reduction, their scores re-
main significant, highlighting it as a key, albeit diminishing, long-
term symptom.

The optimal threshold, based on participants’ overall scores, has
been identified as 13 points (Figure 2), with an average AUROC of
0.661. This threshold determines the PASC-positive group, which is
characterized by a high prevalence of symptoms in the early post-
infection period. At this threshold, 33% of infected participants are
classified as PASC positive (eTable 12). Furthermore, the proportion
of infected participants exceeding this threshold at each time point
showed a monotonic decrease, based on participants’ scores cal-
culated and rounded individually for each period: 10.4% at t = 1,
5% at t = 2, 21% at t = 3, and 0.4% at t = 4. The PASC positive
group reveals a multi-systemic disorder characterized by fatigue,
muscle weakness, and difficulty concentrating, most of which grad-
ually decline over time (Figure 3, eTable 13).
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3.5. Subcohort analysis

Subcohort analysis involved two groups: the recent infection
subcohort (n = 2117) and the past infection subcohort (n = 2831).
In static analysis, the recent infection subcohort reported eleven
significant symptoms, which newly included sleep disturbance and
K, which is an abnormal Potassiu level. The past infection subco-
hort reported ten symptoms; CRP, an abnormal C-reactive protein
level, emerged as an indicator. The PASC positivity for the thresh-
old showed a similar tendency in both subcohort cases (eFigure 7).

A key difference was chest pain, which scored highly in the past
infection subcohort but scored 1 in the recent infection subcohort
(eTables 14 and 15). This finding goes along with previous research,
which shows that chest pain was more prevalent during the pre-
Omicron wave, as the past infection subcohort consists of patients
infected during the early Omicron and pre-Omicron periods [18].
The symptom reporting rate at t = 1 was higher in the recent in-
fection subcohort (eTables 16 and 17). This is likely attributable to
the shorter interval between infection and the initial study visit,
which increases the probability of symptom reporting at that time
point.

3.6. Infected group comparison

The comparative analysis, restricted to the infected cohort, re-
veals that fatigue and anosmia/ageusia are the key determinants
for both static and dynamic PASC outcomes. In terms of static coef-
ficients, fatigue, anosmia/ageusia, and palpitations were identified
as major contributors. Additionally, rash and difficulty concentrat-
ing showed notable associations. Regarding dynamic coefficients,
fatigue and anosmia/ageusia remained dominant, while rash and
chest pain were observed as moderate contributors.

4. Discussion

This study utilizes data from Korea’s first large-scale post-
COVID-19 study to provide scientific evidence for policy develop-
ment. As the first primary PASC cohort in the country, it offers
insights into an East Asian population. The multicenter, longitu-
dinal follow-up with standardized protocols ensured the collec-
tion of high-quality, systematic data. We identified nine symptoms
that distinguish individuals with a history of SARS-CoV-2 infection
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Figure 2. PASC positivity in uninfected for optimal PASC threshold. [A] Static PASC Threshold, [B] Dynamic PASC Threshold. Each threshold was chosen as <5% positivity
among the uninfected. We used our threshold at 5%, a value comparable to that used in the study [6]. The interval denotes the standard deviation of the rate across 5-fold

cross-validation.

from the uninfected group. The outcomes are consistent with prior
investigations, highlighting fatigue, anosmia/ageusia, palpitations,
and chest pain as key PASC symptoms [3,19,20]. However, our
study of a Korean cohort also identified menstrual cycle changes
and rash as contributors, which may reflect different characteris-
tics of our study population [21,22].

The dynamic analysis revealed that symptoms did not exhibit
uniform trajectories throughout the 24-month follow-up period.
For instance, fatigue stands out as a persistent symptom, whereas
anosmia/ageusia peaks in the early post-acute phase (t = 1-t = 2)
and then declines. In addition, for the dynamic PASC-positive
group from the recent infection subcohort, the reporting of men-
tal health questionnaires showed a slower decline over time, sug-
gesting the need for long-term attention to psychiatric sequelae
[23-25].

Static and dynamic analyses yield different scopes of the
PASC burden. While a static score identifies a smaller subgroup
with symptoms, our dynamic score captures the varying impact
of symptoms over time, placing a larger group experiencing a
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burden at some point. This demonstrates that single-time-point as-
sessments risk underestimating the actual disease burden and may
overlook patients’ persistent suffering [26,27]. Our dynamic score
provides a quantitative framework for measuring PASC as a chronic
condition. These scoring systems may serve practical tools for clin-
icians and policymakers. The static score helps identify patients
at risk for persistent symptoms, while the dynamic score cap-
tures temporal changes to inform prognosis and follow-up. Despite
showing modest AUROC, these tools offer a standardized frame-
work indispensable for patient stratification. They are particularly
valuable in large-scale public health surveillance for efficiently tar-
geting high-risk groups and optimizing policy decisions.

A comparison between two subcohorts revealed distinct PASC
profiles, with the past infection subcohort exhibiting a higher score
for chest pain. The difference likely reflects the influence of factors
from later stages of the pandemic, such as the predominance of
the XBB variant and evolving population immunity, given that the
recent infection subcohort was primarily infected during this wave
(eFigure 3) [28,29].
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PASC indeterminate

Cough 9 6 5

Menstrual cycle changes 5 4 3
Muscle weakness 8 6 4

Rash 3 3 2

Difficulty concentrating 6 5 3
Chest pain 1 0 1

Palpitations 3 2 2
Anosmia/ageusia 1 0 0
Fatigue® 10 8 5

t=1 t=2  t=3
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PASC positive

4 37 32 27 18
2 23 23 20 14
2 49 36
Symptom
1 23 22 18 13 Rate (%)
60
2 44 32 40
0 19 16 13 8 20
1 34 32 27 19
0 27 21 17 12
3] 38
t=4 t=1 t=2 t=3 t=4
Time Point®

Figure 3. Heatmap of symptom frequency by PASC status. Illustration of the prevalence of symptoms with the dynamic score of 1 or higher, stratified by PASC status.
PASC status was defined as PASC-positive if a participant’s score was greater than or equal to the dynamic threshold, and PASC-indeterminate otherwise. For all symptom
frequencies for PASC-positive, see eTable 13 in the Supplement. Data from the acute phase of infection (months 0-1) were excluded for the infected group.

2Fatigue was measured on a scale of 0, 0.5, and 1, with the value itself used to calculate the rate.

bTime point implies four 6-month intervals: t = 1 (0-5 months), t = 2 (6-11 months), t = 3 (12-17 months), and t = 4 (18-23 months).

Our study differs from the RECOVERY initiative study in its data,
population, and analytical approach [6]. We used data from a Ko-
rean cohort with regular follow-ups, and our variable selection in-
cluded questionnaires and lab results. It enables the identification
of potentially distinct PASC phenotypes, such as the prominence
of menstrual cycle changes and rash, as observed in our findings.
Analytically, our dynamic model is designed to capture the longi-
tudinal trajectory of the condition.

4.1. Strengths

This study has several notable strengths. It is based on a large,
multicenter, retrospective—prospective cohort established at a na-
tional level for PASC research in Korea, with follow-up of up to
24 months, enabling high-quality data collection and sufficient
power to examine temporal trends. The dynamic scoring system
represents a methodological advancement by incorporating time-
varying symptom weights to capture the evolving clinical presen-
tation of PASC. The multi-institutional design across 12 centers en-
hances representativeness within the Korean healthcare context,
while integrating self-reported symptoms, validated psychometric
instruments, and laboratory results provides a multidimensional
view of PASC.

4.2. Limitations

However, this study also has several limitations that should be
considered when interpreting the results. First, despite employing
inverse probability weighting to balance the cohorts, unmeasured
confounding remains a possibility. A large number of participants
in the uninfected control group were censored after becoming in-
fected during the follow-up. While the analysis revealed that there
were no statistically significant baseline differences in those lost to
attrition (eTable 2), attrition bias cannot be excluded.

Second, this study relies primarily on self-reported symptoms,
which can be subject to recall bias. However, it is crucial to recog-
nize that patient-reported outcomes (PROs) are increasingly valued
as critical endpoints in clinical research [30].

Third, there is the absence of an objective biomarker or gold
standard for diagnosis. Consequently, it was impossible to calcu-
late traditional diagnostic accuracy metrics for the symptom-based
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PASC definition used in this study. While the threshold may seem
arbitrary, it provides a standardized reference for comparison and
replication. At the current stage of PASC research, this method
represents a feasible approach for operationally defining cases in
large-scale cohort studies.

Fourth, COVID-19 exhibits seasonality and cyclical epidemic
patterns, and specific seasons or transmission waves may lead to
increased reporting of non-specific symptoms. We acknowledge
this as an inherent limitation of studies relying on self-reported
data.

Finally, the follow-up period of this study coincided with a
time of active COVID-19 vaccination campaigns and the emergence
of new viral variants. There were limitations in ideally incorpo-
rating detailed data, such as the timing of vaccination, type of
vaccine, and number of doses, as time-varying covariates in the
model. Moreover, the proposed scoring systems require iterative
refinement and external validation in independent cohorts, partic-
ularly in other Asian populations. This study provides a data-driven
framework for defining and monitoring PASC in a large Korean co-
hort.

5. Conclusions

The static and dynamic scoring systems offer valuable tools for
both clinical practice and research, with the dynamic score provid-
ing novel insights into the fluctuating, chronic nature of the con-
dition. Furthermore, it can be applied to more advanced causal in-
ference methods for better estimating the impact of SARS-CoV-2
infection on long-term health outcomes.
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