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Abstract 

Background:  To update and internally validate a model to predict children and young people (CYP) most likely to 
experience long COVID (i.e. at least one impairing symptom) 3 months after SARS-CoV-2 PCR testing and to deter-
mine whether the impact of predictors differed by SARS-CoV-2 status.

Methods:  Data from a nationally matched cohort of SARS-CoV-2 test-positive and test-negative CYP aged 11–17 
years was used. The main outcome measure, long COVID, was defined as one or more impairing symptoms 3 months 
after PCR testing. Potential pre-specified predictors included SARS-CoV-2 status, sex, age, ethnicity, deprivation, quality 
of life/functioning (five EQ-5D-Y items), physical and mental health and loneliness (prior to testing) and number of 
symptoms at testing. The model was developed using logistic regression; performance was assessed using calibration 
and discrimination measures; internal validation was performed via bootstrapping and the final model was adjusted 
for overfitting.

Results:  A total of 7139 (3246 test-positives, 3893 test-negatives) completing a questionnaire 3 months post-test 
were included. 25.2% (817/3246) of SARS-CoV-2 PCR-positives and 18.5% (719/3893) of SARS-CoV-2 PCR-negatives 
had one or more impairing symptoms 3 months post-test. The final model contained SARS-CoV-2 status, number of 
symptoms at testing, sex, age, ethnicity, physical and mental health, loneliness and four EQ-5D-Y items before testing. 
Internal validation showed minimal overfitting with excellent calibration and discrimination measures (optimism-
adjusted calibration slope: 0.96575; C-statistic: 0.83130).

Conclusions:  We updated a risk prediction equation to identify those most at risk of long COVID 3 months after a 
SARS-CoV-2 PCR test which could serve as a useful triage and management tool for CYP during the ongoing pan-
demic. External validation is required before large-scale implementation.
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Background
Children and young people (CYP) testing positive for 
SARS-CoV-2 are usually asymptomatic or have a low 
symptom burden at the time of infection compared to 

adults [1, 2]. Recent studies on post-COVID sequelae 
(also known as ‘long COVID’), however, have shown 
some adults and children can have persistent symp-
toms for months after acute infection [3, 4]. A recent 
systematic review of persistent symptoms following 
SARS-CoV-2 infection found most reported persistent 
symptoms were no more common in SARS-CoV-2-pos-
itive than in SARS-CoV-2-negative CYP, with only small 
increases in cognitive difficulties, headache, loss of smell, 
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sore throat and sore eyes [5]. Similar to the successful use 
of predictive models for cardiovascular disease, e.g. in 
the United Kingdom (UK) [6] and the United States (US) 
[7], predictive models can help identify CYP at high-
est risk of experiencing persistent symptoms and direct 
them towards relevant care. This is particularly impor-
tant during the pandemic when health services are under 
increased pressure [8]. A systematic review identified 
over 100 diagnostic and prognostic models for SARS-
CoV-2, mainly relating to acute outcomes, e.g. mortality, 
intensive care unit (ICU) admission and length of hospi-
tal stay [9]. With the exception of two studies, however, 
most were considered low quality due to non-representa-
tive selection of controls, inadequate exclusions, high risk 
of model overfitting and unclear reporting [9]. Based on 
predictive model quality assessment tools [10] and model 
development guidelines [11], the two models mentioned 
above (the Jehi diagnostic model [12] and 4C mortality 
score [13]) and a third model (QCOVID [14]) are consid-
ered as higher quality predictive models for SARS-CoV-2 
because of large sample sizes [15], appropriate model-
ling techniques [16] and suitable internal validation 
and reporting [11]. Of these three models, the 4C and 
QCOVID models were developed in adult populations 
(age≥18 years) whereas the Jehi model was developed in 
all patients who were tested for SARS-CoV-2 at all Cleve-
land Clinic locations in Ohio and Florida, US, regardless 
of age and included 11,672 patients (median age: 46.89 
years among SARS-CoV-2 negatives; 54.23 years among 
SARS-CoV-2 positives).

There are very few predictive models for the potential 
long-term effects of SARS-CoV-2 infection, and those 
that exist have focused mostly on adults. Sudre and col-
leagues focused on identifying the characteristics and 
predictors of post-COVID sequelae in a sample of 4182 
adults who reported testing positive for SARS-CoV-2 
and found those experiencing more than five symptoms 
during the first week of illness were more likely to report 
‘long COVID’ [17]. Recent large national cohort studies 
of CYP are consistent with the abovementioned system-
atic review [5], finding little difference in ‘long COVID’ 
symptom prevalence between SARS-CoV-2-positive and 
SARS-CoV-2 control CYP who either tested negative or 
did not have a test [4, 18]. As acute SARS-CoV-2 infec-
tion remains predominantly a mild infection in CYP and 
the cumulative incidence of infection increases, the inci-
dence of post-COVID sequelae and the extent to which 
it is distinct from pandemic-related symptoms resulting 
from national lockdowns, school closures and social iso-
lation is a critical factor in health policy decisions. We 
previously presented a model that predicted impairing 
symptoms in CYP [19], and here we aimed to update and 
internally validate the prediction model in CYP 3 months 

after a PCR test and to determine whether the impact of 
these predictors differed by SARS-CoV-2 infection status. 
The outcome examined here aligns with our previously 
described Delphi definition of long COVID [20].

Methods
We use data from the Children and young people with 
Long Covid (CLoCk) study: a national cohort study of 
SARS-CoV-2 PCR-positive CYP aged 11–17 years liv-
ing in England who were matched at study invitation, on 
month of test, age, sex and geographical area, to SARS-
CoV-2 test-negative CYP selected from the national test-
ing database at Public Health England (now UK Health 
Security Agency (UKHSA)) [21]. Test-negative CYP who 
self-reported subsequently testing positive for SARS-
CoV-2 were excluded [4].

Here we examine a previously described study subset 
that is broadly representative of the target population 
in terms of age, sex, geographical region and socio-eco-
nomic status [4]. Briefly, from a total of 50,836 CYP who 
were approached, 7139 (3246 SARS-CoV-2 positive, 
3893 SARS-CoV-2 negative) who completed the CLoCk 
questionnaire sent to them 3 months after their PCR test 
during January–March 2021 (median time between test-
ing and questionnaire: 14.9 weeks [25th, 50th centiles: 
13.1, 18.9]) were included. The questionnaire included 
demographic characteristics, elements of the Interna-
tional Severe Acute Respiratory and emerging Infection 
Consortium (ISARIC) Paediatric COVID-19 follow-up 
questionnaire [22] and the recent Mental Health of Chil-
dren and Young people in England surveys [23]. CYP 
responded to 21 questions on physical symptoms at the 
time of testing (e.g. cough, tiredness, etc.). They rated 
their general physical and mental health before SARS-
CoV-2 testing in two separate questions using a 5-cate-
gory Likert scale. The prevalence of ‘very poor’ was low; 
therefore, for analysis, we recoded these variables into 
four categories (very poor/poor to very good). Qual-
ity of life/functioning before testing was measured via 
the EQ-5D-Y scale [24], and feelings of loneliness by the 
UCLA Loneliness scale [25]. The Index of Multiple Dep-
rivation (IMD) was calculated from the CYP’s small local 
area level-based geographic hierarchy (lower super out-
put area) at the time of the questionnaire and used as a 
proxy for socio-economic status. We examine IMD quin-
tiles from most (quintile 1) to least (quintile 5) deprived 
(Table 1).

Outcome: long COVID (experiencing at least one impairing 
symptom)
We operationalized the Delphi research definition of long 
COVID [20] as having at least one of the 21 reported 
physical symptoms and experiencing more than minimal 
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Table 1  Baseline characteristics (frequencies and percentages) of participants who completed the 3-month questionnaire, overall and 
stratified by SARS-CoV-2 status

Characteristics at/prior to PCR testing Total population (N=7139) SARS-CoV-2 negative (N=3893) SARS-CoV-2 positive 
(N=3246)

N % N % N %

Sex
  Male 2646 37.06 1444 37.09 1202 37.03

  Female 4493 62.94 2449 62.91 2044 62.97

Age (years)
  11–13 2212 30.98 1255 32.24 957 29.47

  14–15 1883 26.38 997 25.61 886 27.30

  16–17 3044 42.64 1641 42.15 1404 43.22

Index of Multiple Deprivation
  Quintile 1 (most deprived) 1471 20.61 785 20.16 686 21.13

  Quintile 2 1422 19.92 761 19.55 661 20.36

  Quintile 3 1367 19.15 764 19.62 603 18.58

  Quintile 4 1377 19.29 752 19.32 625 19.25

  Quintile 5 (least deprived) 1502 21.04 831 21.35 671 20.67

Ethnicity
  White 5279 73.95 2908 74.70 2371 73.04

  Asian/Asian British 1064 14.90 550 14.13 514 15.83

  Black/African/Caribbean 267 3.74 151 3.88 116 3.57

  Mixed 358 45.01 203 5.21 155 4.78

  Others 118 1.65 55 1.41 63 1.94

  Preferred not to say 53 0.74 26 0.67 27 0.83

Self-rated physical health
  Very good 2443 34.22 1326 34.06 1117 34.41

  Good 3017 42.26 1653 42.46 1364 42.02

  Okay 1526 21.38 828 21.27 698 21.50

  Poor/very poor 153 2.14 86 2.21 67 2.06

Self-rated mental health
  Very good 1789 25.06 960 24.66 829 25.54

  Good 2634 36.90 1453 37.32 1181 36.38

  Okay 2053 28.76 1109 28.49 944 29.08

  Poor/very poor 663 9.29 371 9.53 292 9.00

Lonelinessa

  Never 2079 29.12 1113 28.59 966 29.76

  Hardly ever 2092 29.30 1119 28.74 973 29.98

  Occasionally 1249 17.50 696 17.88 553 17.04

  Some of the time 1229 17.22 675 17.34 554 17.07

  Often/always 490 6.86 290 7.45 200 6.16

Number of symptoms at testing
  0 5673 79.46 3564 91.55 2109 64.97

  1–4 556 7.79 178 4.58 378 11.65

  5+ 910 12.75 151 3.88 759 23.38

Mobilityb

  No problems 6800 95.25 3694 94.89 3106 95.69

  Some/a lot of problems 339 4.75 199 5.11 140 4.31

Looking after selfb

  No problems 6837 95.77 3714 95.40 3123 96.21

  Some/a lot of problems 302 4.23 179 4.60 123 3.79
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problems on any one of the five EQ-5D-Y questions 
at the time of the questionnaire, i.e. approximately 3 
months after the PCR test (see Table  2). The published 
Delphi research definition requires laboratory confirma-
tion of SARS-CoV-2 infection but of course that was not 
required when assessing how many test-negatives would 
also have met this definition.

Potential predictors
Pre-specified potential predictors were chosen based 
on their distribution in the dataset and their association 
with the outcome. In addition to SARS-CoV-2 status, we 
considered 13 predictors including demographics (sex, 
age, ethnicity and IMD), prior quality of life/function-
ing (assessed by 5 items from the EQ-5D-Y scale), prior 
physical and mental health and feelings of loneliness 
prior to the CYP’s PCR test. We also included the num-
ber of physical symptoms experienced at testing (details 
in Table 1).

Sample size and missing data
The sample size was pre-defined by the study design. We, 
therefore, assessed whether our study was sufficiently 
powered to estimate the overall outcome risk, and how 
many predictor parameters could be considered before 
overfitting/precision becomes a concern [15]. Using the 
pmsampsize STATA package [15], we considered (i) small 
overfitting (i.e. a shrinkage factor of predictor effects 
≤10%), (ii) small absolute difference of 0.05 in the mod-
el’s apparent and adjusted Nagelkerke’s R-squared value 
and (iii) precise estimation within ±0.05 of the aver-
age outcome risk in the population. We also assumed 
an outcome prevalence of 21.5%, C-statistic of 0.80 and 
61 parameters. Accordingly, the minimum sample size 

required was 2557 (actual sample=7139); the events-per-
candidate predictor parameter value was 9.01. The data-
set had no missing data.

Statistical analysis
We assessed the extent to which SARS-CoV-2 status and 
our 13 potential predictors were correlated by consid-
ering pairwise Cramer’s V correlation coefficients. All 
potential predictors were categorical variables, with the 
exception of age and number of symptoms at testing. We 
determined the appropriate functional form for the rela-
tionship between age and the log odds of the probability 
of the outcome by modelling the relationship (i) linearly, 
(ii) categorically (11–13, 14–15, 16–17 years), (iii) with 
linear and quadratic terms and (iv) using fractional pol-
ynomials with up to 2  degrees. Similarly, we examined 
the most appropriate functional form for the number of 
symptoms. The functional form with the lowest Akaike 
information criterion (i.e., the best fitting model) was 
used in building our prediction model.

We used logistic regression to address our aim of pre-
dicting long COVID in CYP 3 months after their PCR 
test, allowing for an interaction between each potential 
predictor and SARS-CoV-2 status to determine whether 
the relationship between the potential predictor and out-
come differed by SARS-CoV-2 status. We first examined 
univariable associations between each predictor and 
long COVID, in the total population and stratified by 
SARS-CoV-2 status. Next, we built a multivariable pre-
diction model using a stepwise backward (p<0.200) and 
forward (p<0.157) elimination procedure [26]. Variables 
included in the stepwise selection procedure included all 
potential predictors, SARS-CoV-2 status and interaction 
terms between potential predictors and SARS-CoV-2 

a From the UCLA Loneliness scale
b From the EQ-5D-Y scale

Table 1  (continued)

Characteristics at/prior to PCR testing Total population (N=7139) SARS-CoV-2 negative (N=3893) SARS-CoV-2 positive 
(N=3246)

N % N % N %

Doing usual activitiesb

  No problems 6382 89.40 3487 89.57 2895 89.19

  Some/a lot of problems 757 10.60 406 10.43 351 10.81

Having painb

  No problems 6118 85.70 3342 85.85 2776 85.52

  Some/a lot of problems 1021 14.30 551 14.15 470 14.48

Feeling worried/sadb

  No problems 4261 59.69 2331 59.88 1930 59.46

  A bit 2421 33.91 1291 33.16 1130 34.81

  Very worried/sad 457 6.40 271 6.96 186 5.73
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status (61 potential parameters in total). The above steps 
were used in developing our initial model for predicting 
long COVID [19], and here we present an update using a 
larger sample size and a refined definition of long COVID 
(see Table 2). The model was updated with an adjustment 
of the intercept to account for the difference in the out-
come prevalence and all the regression coefficients were 
re-estimated based on the larger sample size of 7139 CYP.

Model performance was measured using calibration 
and discrimination measures. Calibration (i.e. agree-
ment between observed and predicted probabilities of 
our outcome) was assessed using calibration plots, cali-
bration-in-the-large and calibration slope statistics [16, 
27]. Model discrimination (i.e. the ability of our model 
to differentiate between CYP who had long COVID 3 
months post-test and those who did not) was quanti-
fied using the C-statistic (values ≥ 0.7 indicate strong 
discrimination). The internal validity of our final model 

was assessed using 100 bootstrap samples which were 
drawn with replacement [16]. We estimated the level of 
model overfitting (optimism) in our dataset using the 
bootstrap samples and adjusted for optimism using a 
uniform shrinkage factor (the average calibration slope 
from each of the bootstrap samples). The original β 
coefficients were multiplied by the shrinkage factor to 
obtain the optimism-adjusted coefficients; the model 
intercept was re-estimated based on these shrunken 
model coefficients generating the final model [11, 27].

Data management and analysis were performed using 
STATA16. We followed guidelines by the Prognosis 
Research Strategy (PROGRESS) [28–31] Group; the 
model development and validation phases particularly 
followed the suggested methods [27, 30–32]. The study 
is reported according to the Transparent Reporting of a 
multivariable prediction model for Individual Progno-
sis or Diagnosis (TRIPOD) statement (Additional file  1: 

Table 2  Prevalence (frequencies and percentages) of long COVID 3 months after a PCR test and related variablesa, overall and 
stratified by SARS-CoV-2 status

The need for a positive test result was not required when assessing how many test-negatives would also have met this definition
a Using data from the questionnaire on the 21 symptoms and the EQ-5D-Y scale (~3 months after the PCR test), the Delphi research definition of long COVID was 
operationalized as having at least 1 symptom and experiencing some/a lot of problems with respect to mobility, self-care, doing usual activities or having pain/
discomfort or feeling very worried/sad

Characteristics 3 months after a PCR 
test

Total population (N=7139) SARS-CoV-2 negative (N=3893) SARS-CoV-2 positive 
(N=3246)

N % N % N %

Outcome
  Long COVID at 3 months
    No 5603 78.48 3174 81.53 2429 74.83

    Yes 1536 21.52 719 18.47 817 25.17

Variables related to the outcomea

  Number of symptoms
    0 2968 41.57 1848 47.47 1120 34.50

    1–4 3496 48.97 1798 46.19 1698 52.31

    5+ 675 9.46 247 6.34 428 13.19

  Mobility
    No problems 6683 93.61 3680 94.53 3003 92.51

    Some/a lot of problems 456 6.39 213 5.47 243 7.49

  Looking after self
    No problems 6819 95.52 3709 95.27 3110 95.81

    Some/a lot of problems 320 4.48 184 4.73 136 4.19

  Doing usual activities
    No problems 6099 85.43 3376 86.72 2723 83.89

    Some/a lot of problems 1040 14.57 517 13.28 523 16.11

  Having pain
    No problems 6016 84.27 3327 85.46 2689 82.84

    Some/a lot of problems 1123 15.73 566 14.54 557 17.16

  Feeling worried/sad
    No problems/a bit 6571 92.04 3581 91.99 2990 92.11

    Very worried/sad 568 7.96 312 8.01 256 7.89
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Table 1) [11]. The study was approved by Yorkshire and 
the Humber–South Yorkshire Research Ethics Commit-
tee (REC reference: 21/YH/0060).

Results
Of the 7139 CYP (3893 SARS-CoV-2 negative, 3246 
SARS-CoV-2 positive) in our analytic sample, 26% 
(1860/7139) were of non-European origin, 62.9% 
(4493/7139) were female and there were more older 
than younger CYP (42.6% 16–17-year-olds vs. 31.0% 
11–13-year-olds) (Table 1). Three months after their PCR 
test, 65.5% (2126/3246) of SARS-CoV-2 PCR-positives 
had at least one physical symptom (Table  2) and 25.2% 
(817/3246) had long COVID (i.e. at least one impairing 
symptom). This compares with 52.5% (2045/3893) and 
18.5% (719/3893), respectively, in test-negative CYP.

Univariable associations
SARS-CoV-2 status and the 13 potential predictors were 
not strongly correlated (Cramer’s V < 0.50 for all possible 
pairwise correlations). Ethnicity did not predict the out-
come (Table 3). The predictive effect of self-rated physi-
cal and mental health, feelings of loneliness, problems 
with mobility, doing usual activities, having pain and feel-
ing worried/sad before testing differed by SARS-CoV-2 
status, with a general pattern of higher odds among test-
negatives (Table 3, stratified associations).

Multivariable predictive model
In the final model (Additional file  1: Table  2), SARS-
CoV-2 status, number of symptoms at testing, sex, age, 
ethnicity, self-rated physical and mental health, feelings 
of loneliness and four items from the EQ-5D-Y scale 
(problems looking after self, doing usual activities, hav-
ing pain, feeling worried/sad) before testing predicted 
the outcome. The impact of some predictors differed by 
SARS-CoV-2 status: interactions between SARS-CoV-2 
status and age, ethnicity, self-rated mental health, feelings 
of loneliness and problems doing usual activities were 
retained. Additional file 1: Fig. 1 shows graphs from the 
final model, for all included predictors, of the probability 
of having the outcome.

Model performance
The model showed excellent calibration and discrimina-
tion. It was perfectly calibrated in the model develop-
ment data with an apparent slope of 1 and an apparent 
calibration-in-the-large of 0 (Additional file  1: Table  3). 
Good overall model calibration was further confirmed by 
the calibration plot (Fig. 1), with narrow confidence inter-
vals and closely aligned predicted and observed prob-
abilities for 10 equally sized risk groups. The predictive 
model showed strong discrimination with a C-statistic of 

0.838 (95% CI: 0.827, 0.849). Bootstrap internal validation 
showed small model overfitting with an optimism-cor-
rected C slope close to one. The bootstrapping approach 
provided a shrinkage factor of 0.965752; we also gener-
ated the heuristic shrinkage factor (again close to one: 
0.979196). We chose the bootstrap shrinkage factor as it 
was slightly smaller, and applied it to the original β coeffi-
cients to obtain the optimism-adjusted coefficients before 
re-estimating the intercept for the final model given in 
Box 1 (Additional file 1) and Additional file 1: Table 2.

Worked examples
Box  1 (Additional file  1) shows the prediction equation 
for estimating the risk of long COVID 3 months post-
PCR test in 11-to-17-year-old CYP. We demonstrate with 
hypothetical examples the predicted risk of long COVID 
3 months post-test in Table 4. A calculator is provided in 
Additional file 2.

As an example, the predicted risk of outcome for a 
hypothetical 14-year-old, white male, with no symptoms 
at testing, very good physical health, never feeling lonely, 
no problems on all included EQ-5D-Y items and poor/
very poor mental health before testing, would be 0.11 if 
he tested positive and 0.04 if negative; if he had very good 
mental health before testing, the risk would be 0.07 if 
positive and 0.03 if negative.

Discussion
To our knowledge, we have developed [19] and updated 
the first risk prediction model that uses self-reported 
information from CYP to estimate their probability of 
experiencing long COVID 3 months after SARS-CoV-2 
testing. SARS-CoV-2 status, number of physical symp-
toms at testing, sex, age, ethnicity, self-rated physical 
and mental health, feelings of loneliness and four items 
from the EQ-5D-Y scale (all before testing) predicted 
long COVID 3 months later, with the impact of some 
predictors differing by SARS-CoV-2 status. We provide a 
risk calculator to predict CYP most likely to experience 
long COVID, to triage those who need support and for 
whom early intervention might be of greatest benefit. 
Importantly, our model has excellent predictive ability, 
calibration and discrimination. It enables us to answer 
important clinical questions such as ‘are those who have 
many symptoms during acute SARS-CoV-2 infection at 
greater risk of Long COVID than those without?’. The 
answer is ‘yes’ but our model provides a more nuanced 
answer by considering other factors.

Our goal was to provide a model that utilizes multi-
ple factors (i.e. predictors) in combination, to accurately 
predict long COVID 3 months post-test. Importantly, 
our focus was not on whether included predictors are 
causal or not. Instead, the focus was the overall predictive 
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Table 3  Odds ratios (95% CIs) of univariable associations between potential predictors and long COVID 3 months after a PCR test, 
overall and stratified by SARS-CoV-2 status

Potential predictor Total population (N=7139) SARS-CoV-2 negative (N=3893) SARS-CoV-2 positive (N=3246) Pinteraction
a

Odds ratio (95% CIs) p value Odds ratio (95% CIs) p value Odds ratio (95% CIs) p value

SARS-CoV-2 status
  Negative Ref <0.001
  Positive 1.48 (1.33, 1.66) N/A N/A N/A

Sex
  Male Ref <0.001 Ref <0.001 Ref <0.001 0.5858

  Female 2.02 (1.78, 2.30) 2.11 (1.75, 2.54) 1.96 (1.65, 2.34)

Age (years)b

  11–13 Ref <0.001 Ref <0.001 Ref <0.001 0.2533

  14–15 1.54 (1.32, 1.80) 1.71 (1.37, 2.13) 1.36 (1.09, 1.70)

  16–17 1.73 (1.50, 1.99) 1.73 (1.42, 2.12) 1.70 (1.40, 2.07)

Index of Multiple Deprivation
  Quintile 1 (most deprived) Ref <0.001 Ref 0.034 Ref 0.004 0.149

  Quintile 2 0.99 (0.83, 1.17) 0.82 (0.64, 1.05) 1.18 (0.93, 1.49)

  Quintile 3 0.88 (0.74, 1.05) 0.79 (0.62, 1.02) 1.00 (0.78, 1.28)

  Quintile 4 0.79 (0.66, 0.94) 0.69 (0.53, 0.89) 0.90 (0.70, 1.16)

  Quintile 5 (least deprived) 0.72 (0.60, 0.86) 0.72 (0.56, 0.93) 0.72 (0.56, 0.93)

Ethnicity
  White Ref 0.055 Ref 0.146 Ref 0.131 0.417

  Asian/Asian British 0.93 (0.79, 1.09) 0.93 (0.73, 1.18) 0.90 (0.72, 1.13)

  Black/African/Caribbean 1.11 (0.83, 1.48) 1.36 (0.92, 2.01) 0.89 (0.57, 1.38)

  Mixed 1.38 (1.09, 1.76) 1.43 (1.03, 2.00) 1.36 (0.95, 1.93)

  Others 0.70 (0.43, 1.16) 1.00 (0.50, 2.00) 0.49 (0.24, 1.00)

  Preferred not to say 0.96 (0.49, 1.87) 0.59 (0.18, 1.97) 1.23 (0.54, 2.83)

Self-rated physical health
  Very good Ref <0.001 Ref <0.001 Ref <0.001 <0.001
  Good 2.06 (1.77, 2.39) 2.49 (1.98, 3.13) 1.80 (1.47, 2.20)

  Okay 3.57 (3.04, 4.20) 4.51 (3.54, 5.76) 3.00 (2.40, 3.74)

  Poor/very poor 7.60 (5.41, 10.68) 14.91 (9.32, 23.85) 3.71 (2.23, 6.19)

Self-rated mental health
  Very good Ref <0.001 Ref <0.001 Ref <0.001 0.015
  Good 2.12 (1.75, 2.56) 2.55 (1.87, 3.81) 1.92 (1.50, 2.46)

  Okay 3.91 (3.23, 4.73) 5.50 (4.06, 7.46) 3.06 (2.39, 3.93)

  Poor/very poor 12.72 (10.17, 15,91) 17.46 (12.43, 24.53) 10.54 (7.72, 14.40)

Lonelinessc

  Never Ref <0.001 Ref <0.001 Ref <0.001 0.002
  Hardly ever 1.75 (1.45, 2.11) 2.16 (1.59, 2.93) 1.54 (1.21, 1.96)

  Occasionally 3.91 (3.23, 4.73) 5.28 (3.91, 7.14) 3.30 (2.56, 4.26)

  Some of the time 4.81 (3.98, 5.80) 6.86 (5.10, 9.22) 3.82 (2.97, 4.91)

  Often/always 7.98 (6.34, 10.04) 13.41 (9.56, 18.80) 5.23 (3.75, 7.30)

Number of symptoms at testingb

  0 Ref <0.001 Ref <0.001 Ref <0.001 0.148

  1–4 0.43 (0.32, 0.57) 0.41 (0.24, 0.70) 0.37 (0.26, 0.52)

  5+ 1.88 (1.62, 2.19) 2.20 (1.55, 3.12) 1.49 (1.24, 1.79)

Mobilityd

  No problems Ref <0.001 Ref <0.001 Ref <0.001 0.024
  Some/a lot of problems 6.81 (5.42, 8.55) 8.82 (6.53, 11.91) 5.17 (3.65, 7.34)
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performance of the model [33]. As such, we followed 
the guidelines to model building [27]. The large sam-
ple allowed flexible examination of the potential for 

relationships to differ by SARS-CoV-2 status and by the 
shape of the association without considerable concerns 
about overfitting. Model fitting statistics were extremely 
favourable and the use of a matched national cohort 
sample of test-positive and test-negative CYP is unique. 
Despite its internal validation, the model needs to be 
externally validated on other independent datasets and 
in different populations and settings prior to its wider 
application. Additionally, the model needs to be reas-
sessed for experiencing long COVID beyond 3 months. 
It is possible many of the predictors stay the same but 
acknowledge there may be differences as the disease pro-
file (and, therefore, predictors) changes over the course of 
the illness.

We acknowledge study limitations. The CLoCk study 
response rate (13.9%) is typical of surveys of this type 
[34] and is in line with other COVID-19-related studies 
[35, 36]. Importantly, the examined CYP are broadly rep-
resentative of the target population in terms of important 
demographics such as age, sex and socio-economic sta-
tus [4] as well as more generally of CYP aged 11–17 years 
living in England [37]. Baseline measures (at/or before 
testing) were subject to recall bias because they were not 
taken at the time of acute infection, and we were unable 
to assess whether symptoms waxed and waned between 
testing and the questionnaire. In addition, the possibil-
ity of selection bias in both directions (CYP more likely 
to participate if they have persistent symptoms, or less 
likely to participate if too unwell) among respondents 
cannot be ruled out. Furthermore, as the background 

Table 3  (continued)

Potential predictor Total population (N=7139) SARS-CoV-2 negative (N=3893) SARS-CoV-2 positive (N=3246) Pinteraction
a

Odds ratio (95% CIs) p value Odds ratio (95% CIs) p value Odds ratio (95% CIs) p value

Looking after selfd

  No problems Ref <0.001 Ref <0.001 Ref <0.001 0.205

  Some/a lot of problems 8.89 (6.92, 11.40) 10.58 (7.65, 14.62) 7.61 (5.13, 11.28)

Doing usual activitiesd

  No problems Ref <0.001 Ref <0.001 Ref <0.001 < 0.001
  Some/a lot of problems 6.52 (5.57, 7.64) 10.31 (8.26, 12.88) 4.04 (3.22, 5.08)

Having paind

  No problems Ref <0.001 Ref <0.001 Ref <0.001 <0.001
  Some/a lot of problems 9.84 (8.51, 11.38) 14.66 (11.94, 18.00) 6.65 (5.40, 8.18)

Feeling worried/sadd

  No problems Ref <0.001 Ref <0.001 Ref <0.001 0.006
  A bit 4.05 (3.56, 4.60) 5.11 (4.21, 6.21) 3.35 (2.81, 3.99)

  Very worried/sad 15.12 (12.20, 18.75) 17.54 (13.17, 23.36) 15.38 (10.90, 21.70)
a P value for interaction between potential predictor and SARS-CoV-2 status (derived in total population)
b We show (for simplicity) univariable associations for age and number of symptoms modelled as categorical variables. In the final multivariable model, they have 
been modelled with linear and quadratic terms or a fractional polynomial; see the “Methods” section for details
c From the UCLA Loneliness scale. dFrom the EQ-5D-Y scale

Fig. 1  Observed and predicted risk of long COVID 3 months after a 
PCR test. This graph shows the mean predicted probability (hollow 
dots) and 95% confidence intervals of long COVID 3 months after 
a PCR test plotted against the observed proportion of the same 
outcome for 10 equally sized groups. The dashed line represents 
the line of equality and perfect calibration. The blue solid line is 
a smoothed locally weighted scatter plot smoothing (Lowess) 
regression line
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epidemiological situation in relation to SARS-CoV-2 
infection prevalence changes, there is a need to reassess 
possible differences in our model’s predictive value over 
time. Finally, caution is required for predictions based 
on data extrapolation/situations where there are only a 
very small number of observations for different predictor 
combinations.

To our knowledge, no other study has explicitly aimed 
to present a risk prediction model for long COVID [5, 38]. 
Moreover, the majority of previous studies lack a SARS-
CoV-2 test-negative comparison group and so distin-
guishing long-term symptoms predicted by SARS-CoV-2 
infection from background rates or pandemic-related 
effects remains a challenge [5]. More recent studies 
include control groups and, thus, broad comparisons 
can be made. Our finding that the odds of experiencing 
long COVID 3 months post-test was 1.48 times higher in 
SARS-CoV-2-positive compared to SARS-CoV-2-negative 
CYP is in line with findings from the LongCOVIDKidsDK 
study, where the SARS-CoV-2 test-positive group had 1.22 
times higher odds of having at least one ‘Long COVID’ 
symptom lasting at least 2 months compared with the 
SARS-CoV-2 control group who either tested negative 
or never had a test [39]. We found both test-positive and 
test-negative CYP met the Delphi consensus definition 
of long COVID 3 months post-test with a difference of 
6.7% between these groups. In contrast, in Borch et  al., 
the prevalence of reported symptoms in CYP aged 6–17 
years lasting more than 4 weeks was similar regardless 
of SARS-CoV-2 status (28% test-positives; 27.2% test-
negatives/never had a test) [18]. Discrepancies in findings 
could be due to several reasons including differences in 

the symptom questions asked of the test-positive and test-
negative/never been tested groups, timing of outcome (>4 
weeks vs ~3 months), recruitment methodology, recruit-
ment rates between test-positives and test-negatives and/
or underlying prevalence levels in the countries at the 
time of the study. Our results are consistent with findings 
in adults, where the number of symptoms at onset [40] 
and female sex [41] were associated with ‘Long COVID’ 
and pre-existing diagnosis of depression/anxiety is over-
represented in those with fatigue after SARS-CoV-2 
infection [41].

Conclusions
Understanding which CYP are at risk of experiencing 
long COVID is important for individuals (e.g. in deci-
sion-making about whether to receive COVID-19 vac-
cination) and health service provision (e.g. for careful 
monitoring, early intervention and hopefully reduction 
in the burden of prolonged health problems). Using 
data from a large national matched cohort study, we 
updated our previously developed prediction model for 
experiencing long COVID 3 months after SARS-CoV-2 
testing in CYP. Our model has excellent performance, 
and we hope it will serve as a useful tool for the early 
identification and management of CYP at risk of long 
COVID in the context of the current pandemic.

Abbreviations
CLoCk: Children and young people with Long Covid; CYP: Children and young 
people; ICU: Intensive care unit; IMD: Index of Multiple Deprivation; ISARIC: 
International Severe Acute Respiratory and emerging Infection Consortium; 
UK: United Kingdom; UKHSA: UK Health Security Agency; US: United States.

Table 4  Hypothetical examples of predicted risk of long COVID 3 months after a PCR test, using our prediction model

For details on how the predicted risk was calculated, see the supplementary section for the formula (Box 1) and calculator

Characteristic Examples

1 2 3 4 5 6

SARS-CoV-2 status Positive Negative Positive Negative Positive Negative

Sex Female Female Male Male Female Female

Age (years) 17 17 13 13 17 17

Ethnicity White White White White White White

Self-rated physical health Okay Okay Okay Okay Good Good

Self-rated mental health Okay Okay Okay Okay Good Good

Loneliness Some of the time Some of the time Some of the time Some of the time Hardly ever Hardly ever

Number of symptoms at time of testing 0 0 0 0 3 3

Problems looking after myself No problems No problems No problems No problems No problems No problems

Problems doing usual activities No problems No problems No problems No problems No problems No problems

Having pain No problems No problems No problems No problems No problems No problems

Feeling worried/sad A bit worried A bit worried A bit worried A bit worried No problems No problems

Predicted risk of long COVID 0.342 0.217 0.241 0.189 0.076 0.030
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