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Abstract 
Introduction: Accurately diagnosing asthma can be challenging. We 
aimed to derive and validate a prediction model to support primary 
care clinicians assess the probability of an asthma diagnosis in 
children and young people. 
Methods: The derivation dataset was created from the Avon 
Longitudinal Study of Parents and Children (ALSPAC) linked to 
electronic health records. Participants with at least three inhaled 
corticosteroid prescriptions in 12-months and a coded asthma 
diagnosis were designated as having asthma. Demographics, 
symptoms, past medical/family history, exposures, investigations, and 
prescriptions were considered as candidate predictors. Potential 
candidate predictors were included if data were available in ≥60% of 
participants. Multiple imputation was used to handle remaining 
missing data. The prediction model was derived using logistic 
regression. Internal validation was completed using bootstrap re-
sampling. External validation was conducted using health records from 
the Optimum Patient Care Research Database (OPCRD). 
Results: Predictors included in the final model were wheeze, cough, 
breathlessness, hay-fever, eczema, food allergy, social class, maternal 
asthma, childhood exposure to cigarette smoke, prescription of a 
short acting beta agonist and the past recording of lung 
function/reversibility testing. In the derivation dataset, which 
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comprised 11,972 participants aged <25 years (49% female, 8% 
asthma), model performance as indicated by the C-statistic and 
calibration slope was 0.86, 95% confidence interval (CI) 0.85–0.87 and 
1.00, 95% CI 0.95–1.05 respectively. In the external validation dataset, 
which included 2,670 participants aged <25 years (50% female, 10% 
asthma), the C-statistic was 0.85, 95% CI 0.83–0.88, and calibration 
slope 1.22, 95% CI 1.09–1.35. 
Conclusions: We derived and validated a prediction model for 
clinicians to calculate the probability of asthma diagnosis for a child or 
young person up to 25 years of age presenting to primary care. 
Following further evaluation of clinical effectiveness, the prediction 
model could be implemented as a decision support software.
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Introduction
Accurately diagnosing asthma in children and young people 
can be challenging. Misdiagnosis is common1,2, and can lead 
to incorrect treatment, ongoing morbidity and the potential for  
disease progression. In children and young people, asthma 
can be difficult to diagnose for several reasons. Asthma is a  
heterogeneous condition with different underlying disease proc-
esses and several phenotypes3. There are no definitive diagnos-
tic tests which can accurately identify asthma in every situation4.  
Performing tests to measure lung function and airway inflamma-
tion using spirometry (with reversibility), peak expiratory flow 
charting, bronchial provocation and fractional exhaled nitric  
oxide (FeNO) are generally recommended3–6. However, in pri-
mary care, the availability of tests can vary7,8, and in keeping 
with the variable nature of asthma, symptoms or lung func-
tion may have improved before testing is performed leading  
to false negative results4. In addition, whilst largely achievable 
in children over seven years, performing spirometry and FeNO  
may be difficult for some younger children9.

A clinical prediction model could help to improve the accuracy 
of an asthma diagnosis in primary care by determining the most 
valuable combination of predictors from a clinical assessment,  
providing a probability of asthma based on available clinical 
information. We previously identified seven prediction mod-
els for asthma diagnosis in primary care, including one derived  
for children up to 18 years old10. All seven models were found 
to be at high risk of bias, principally due to the choice of par-
ticipant selection, outcome or analysis used and were subse-
quently considered unreliable for informing practice10–12. Given  
the high risk of bias associated with existing models, and with 
only one prediction model available for children, we aimed to 
adhere closely to prediction modelling standards to derive and  
validate a clinical prediction model to support health profes-
sionals to assess the probability of an asthma diagnosis in  

children and young people presenting with symptoms suggestive  
of asthma in primary care.

Methods
The study protocol was published in advance13. The Transpar-
ent Reporting of a multivariable prediction model for Individ-
ual Prognosis Or Diagnosis (TRIPOD)14 guided reporting (see  
Extended data15).

Derivation
Data source and participants. Participant-reported data from 
the Avon Longitudinal Study of Parents and Children (ALSPAC) 
study with linked primary care electronic health records (EHR)  
were used to derive the model. ALSPAC is a prospective obser-
vational study that recruited pregnant women resident in and 
around the City of Bristol, UK with expected dates of deliv-
ery between 1st April 1991 to 31st December 199216,17. The  
offspring from the pregnancies were enrolled in the study and 
have been followed-up since birth. The initial number of preg-
nancies enrolled was 14,541. Of the initial pregnancies, there 
was a total of 14,676 foetuses, resulting in 14,062 live births 
and 13,988 children who were alive at 1 year of age. At age  
18 years, study children were sent ‘fair processing’ materi-
als describing ALSPAC’s intended use of their health and  
administrative records and were given the opportunity to object 
to linked data extraction from their EHR18. For the derivation 
dataset, the inclusion criteria were participants: recruited into 
the initial birth cohort; alive at one year; where permissions  
existed for their linked EHR to be used and for whom a link-
age was established to their NHS records in England and Wales.  
ALSPAC data are documented in a data dictionary (http://www.
bristol.ac.uk/alspac/researchers/our-data/).

Outcome. Diagnostic tests were available in less than half of 
participants and conducted during pre-scheduled clinics rather 
than when clinically indicated3,4. Therefore, we defined asthma  
as the occurrence of at least three inhaled corticosteroid 
(ICS) prescriptions in one year and a ‘specific’ asthma Read  
code19 (See Extended data15 for the code list). Participants 
who received at least three prescriptions of an ICS (which, if 
used every day would typically last one month), as a single 
inhaler or combined with a long-acting beta agonist, on separate  
days within a one-year period were identified. From this group, 
participants who had an asthma ‘specific’ Read code (accord-
ing to the validated code list from Nissen et al.)19 occurring at 
any time in their patient record were selected. The event-date  
for those with the outcome was taken as the date at which the 
first of the ICS prescriptions was recorded. As participants 
without the outcome had no equivalent event-date, they were 
assigned an event-date at random. Aside from age-at-event, the  
outcome was developed blind to information about predictors.

Predictors. Prior to modelling, potential candidate predictors 
were identified in ALSPAC based on our systematic review10 and 
discussion of their value within the research team. We sought 
to include variables available in routine (UK) primary care.  
From the long list (Table 1), predictors missing in more than 
40% of participants were excluded. The 40% threshold was 
based on an earlier study which demonstrated that multiple 

          Amendments from Version 1
The manuscript was revised to address reviewers’ comments. In 
Table 1, we provided the age of the child/young person when 
variables from questionnaire data were collected, and updated 
the description of the smoke exposure, maternal smoking, 
and allergy to substance other than food or drink variables. 
In the Methods, we made it clearer how to find the code lists 
in extended data and clarified how long a typical inhaled 
corticosteroid inhaler would last for. The heading of Table 4 
was updated to identify which dataset was being referred to. In 
the discussion we added further text to the limitations section 
including: the drawbacks of using clinical coding and prescribing 
data as the outcome measure for asthma; that the derivation 
sample contained participants with and without symptoms; 
predictors reflected the occurrence of symptoms/conditions at 
any time before the event date; there were differences between 
the derivation and external validation datasets. Also in the 
discussion, we removed reference to treatable traits, provided 
interpretation for the association seen between the outcome 
and childhood exposure to cigarette smoke, lung function/
reversibility testing and SABA prescription respectively, and 
commented on the generalisability of the model outcome.

Any further responses from the reviewers can be found at 
the end of the article
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imputation produced valid estimates for datasets with up to 40%  
missing data20 and further corroborated in ALSPAC21. Where 
predictors were correlated, the predictor that best captured 
the information sought, as judged by the research team, was 
retained. We based our decision firstly on clinical relevance,  
and if variables were considered equally relevant, chose the pre-
dictor with least missingness. The following candidate predic-
tors were selected for inclusion in the modelling: sex, social 
class (based on the Registrar General’s Social Classes22),  
wheeze, cough, breathlessness, hay-fever, eczema, allergy to 
food/drink, exposure to cigarette smoking in childhood, expo-
sure to household mould, maternal asthma, evidence of lung 
function/reversibility testing having been conducted (rather 
than the actual result), and short acting beta agonist (SABA) 
prescription. A predictor was considered present if recorded  
(in ALSPAC or linked EHR) prior to the event date. Predic-
tor definitions are in Table 1. Selection of predictors was 
made without knowing how predictors related to the outcome.  
Univariable modelling before multiple imputation allowed 
exploration of how candidate predictors related to the out-
come in ALSPAC but was not used to select predictors before  
modelling.

Sample size. Sample size was determined by the number of  
eligible participants from ALSPAC. With 14 candidate  
predictors (19 parameter levels) to be included in the model-
ling, the events (number of individuals with the outcome) per  
variable (52.3) far exceeded recommendations for sample sizes, 
and we therefore chose not to use more formal sample size  
calculations23.

Missing data. We chose against a complete case analysis as 
5,912 (49%) participants had missing data and this would have 
resulted in the sample size reduced by half. Missing values from  
ALSPAC (not including linked EHR) could have been intro-
duced for several reasons but in most instances, it would 
be anticipated that a questionnaire was not completed by a  
participant. Consequently, we considered missing values within 
variables were missing at random, and under this assump-
tion used multiple imputation by chained equations to create  
20 datasets each with 250 iterations using the 14 candi-
date predictors and the outcome. 20 datasets were created, 
rather than the default of five, to minimise loss in statistical  
power24,25.

Model type. A logistic regression model was fitted to each  
imputed dataset14,26. Backward step-wise selection based on 
Akaike’s Information Criterion (AIC) was used to select  
predictors27. Candidate predictors selected in ≥10 of the  
imputed datasets were selected for use in the final model.

Model performance. Apparent model performance was cal-
culated in each imputed dataset. Discrimination, the ability to  
distinguish individuals with/without the outcome, was reported 
using the C-statistic. Calibration, which measures agreement 
between model predictions and observed outcomes, was assessed 
visually by calibration plot (evaluated in the first imputed 

dataset) and by the calibration slope, and ratio of expected 
and observed number of events (E/O) calculated using the  
median from the 20 imputed datasets28.

Internal validation
Bootstrapping techniques were used to internally validate the 
model28. The modelling process, including variable selection, 
was repeated in 500 samples drawn with replacements from  
the original sample. The bootstrap performance of the model 
in each bootstrap sample was assessed using the C-statistic,  
calibration intercept and calibration slope. The performance 
of the bootstrap model in the original sample (test perform-
ance) was determined and the optimism, taken as the difference 
between the bootstrap and test performance, was calculated28.  
Estimates of optimism from each bootstrap sample were aver-
aged and subtracted from the apparent performance to gen-
erate an optimism-corrected estimate of performance. The  
optimism-adjusted calibration slope was used as the shrinkage  
factor to adjust the regression coefficients of the developed  
model for optimism.

External validation
Data source and participants. Optimum Patient Care Research 
Database (OPCRD), a longitudinal EHR database, holds 
anonymised routinely collected, primary care records for  
10.1 million patients, extracted from >700 UK-based GP  
practices29. EHRs within OPCRD provided coded patient data 
available from 01 January 1965 to 31 March 2020 (last extrac-
tion date). To create a dataset of participants comparable  
to ALSPAC, we included individuals born during or after 
1990 (as for ALSPAC), with EHR data available from birth to  
≥24 years of age. The number of participants meeting the  
criteria determined the sample size.

Outcome and predictors. Outcome, event-date, SABA pre-
scription and lung function/reversibility testing were identified 
using methods as for the derivation dataset. In contrast, other  
predictors were identified by the presence of a relevant Read 
code (as defined in bespoke code lists) in participants’ EHRs.  
Absence of a Read code for a particular predictor was taken as 
absence of the condition/symptom. Following this approach  
meant there were no missing data in the OPCRD dataset.

Model refitting. Candidate predictors social class (based on 
the Registrar General’s Social Classes), maternal asthma and 
mould exposure were unavailable in EHRs. Therefore, to vali-
date the model in OPCRD, a pragmatic approach was used:  
1) Re-fit the model in the 20 imputed derivation datasets with 
the unattainable variables excluded; 2) Complete the inter-
nal validation of the re-fitted model and correct for optimism  
by repeating the bootstrapping methods.

Calculating predictions. Using the linear predictor of the  
re-fitted model, predicted probabilities for each participant in 
the OPCRD dataset were calculated. Risk groups and model  
updating were not completed.
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Table 2. Characteristics of participants in the derivation and external validation datasets.

Levels Derivation dataset External validation dataset

No Asthma 
(%)

Asthma 
(%)

Total No Asthma 
(%)

Asthma 
(%)

Total

Total N (%) 10978 (92) 994 (8) 11972 2399 (90) 271 (10) 2670

Age at event-date (years) 0 – 4 2529 (23) 229 (23) 2758 693 (29) 79 (29) 772

5 – 9 3600 (33) 326 (33) 3926 995 (41) 115 (42) 1110

10 – 14 2640 (24) 239 (24) 2879 422 (18) 46 (17) 468

15 – 19 1435 (13) 130 (13) 1565 235 (10) 25 (9) 260

20 – 24 774 (7) 70 (7) 844 54 (2) 6 (2) 60

Sex Female 5389 (49) 462 (46) 5851 1198 (50) 136 (50) 1334

Male 5589 (51) 532 (54) 6121 1201 (50) 135 (50) 1336

Social Class* I – least deprived 912 (8) 56 (6) 968 - - -

II 3670 (33) 311 (31) 3981 - - -

IIIa 2982 (27) 268 (27) 3250 - - -

IIIb 1268 (12) 152 (15) 1420 - - -

IV 720 (7) 64 (6) 784 - - -

V – most deprived 165 (2) 21 (2) 186 - - -

Missing 1261 (11) 122 (12) 1383 - - -

Wheeze No 5717 (52) 179 (18) 5896 2307 (96) 247 (91) 2554

Yes 4293 (39) 724 (73) 5017 92 (4) 24 (9) 116

Missing 968 (9) 91 (9) 1059 - - -

Statistical analysis
Variables in ALSPAC were prepared using SPSS (v26). The 
OPCRD dataset was created using Microsoft SQL Server Man-
agement Studio (v18.4). All other analyses were conducted  
in R (v3.5.3).

Results
Derivation
Participants. In the derivation dataset, 11,972 participants 
were included, of whom 5,851 (49%) were female and 970 
(9%) were in the two lowest social classes (Table 2). A total of  
994 (8%) participants had asthma according to our outcome 
definition. Of those with asthma, there were more males than  
females (54% vs 46%), and 555 (56%) had a diagnosis before 
10 years old. There was little difference in social class, expo-
sure to cigarette smoke or mould between those with and  
without asthma. However, a higher proportion of those with 
asthma had hay-fever (21% vs 8%), eczema (22% vs 11%), allergy 
to food and drink (22% vs 13%) and maternal asthma (17% vs 
10%). Before the event date, wheeze (73% v 39%), breathlessness  
(47% vs 14%) and cough (59% vs 37%) were proportion-
ally higher in those with, compared to those without asthma. 
A higher proportion of participants with asthma had a SABA 

(45% vs 7%) or evidence of lung function/reversibility testing  
(51% vs 7%) before the event-date.

Model development. Unadjusted associations of each candi-
date predictor with the outcome are in Table 3. Exposure to  
mould and sex were selected in <10 imputed datasets and 
excluded. Remaining predictors (wheeze, cough, breathlessness,  
hay-fever, eczema, food allergy, social class, maternal asthma, 
childhood exposure to cigarette smoke, SABA prescrip-
tion and evidence of lung function/reversibility testing) were 
included in the final model. Equation 1 shows the unadjusted 
asthma diagnosis multivariable model fitted in the derivation  
dataset.

( )

( )
ln 4.28 0.26( ) 0.29( )

1

0.55( ) 0.18( ) 0.60( )
0.66( ) 0.43( ) 0.82( )
0.15( )

asthma

asthma

p
SocialClassII SocialClassIIIa

p

SocialClassIIIb SocialClassIV SocialClassV
Wheeze Cough Breathlessness
Hayfever

 
= − + +  − 

+ + +
+ + +
+ 0.15( ) 0.17( )

0.24( ) 0.20( )
1.72( / ) 1.13( )

Eczema FoodAllergy
MaternalAsthma SmokeExposure
LungFunction Reversibility SABA

+ +
+ −
+ +

Equation 1

Apparent model performance. The C-statistic was 0.86 (95% 
CI 0.85 to 0.87), indicating the model discriminated those 
with and without the outcome well. A calibration slope of 1.00  
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Levels Derivation dataset External validation dataset

No Asthma 
(%)

Asthma 
(%)

Total No Asthma 
(%)

Asthma 
(%)

Total

Cough No 4631 (42) 212 (21) 4843 1941 (81) 173 (64) 2114

Yes 4024 (37) 587 (59) 4611 458 (19) 98 (36) 556

Missing 2323 (21) 195 (20) 2518 - - -

Breathlessness No 8417 (77) 429 (43) 8846 2381 (99) 262 (97) 2643

Yes 1574 (14) 470 (47) 2044 18 (1) 9 (3) 27

Missing 987 (9) 95 (10) 1082 - - -

Hay-fever No 5806 (53) 347 (35) 6153 2296 (96) 245 (90) 2541

Yes 856 (8) 204 (21) 1060 103 (4) 26 (10) 129

Missing 4316 (39) 443 (45) 4759 - - -

Eczema No 5467 (50) 345 (35) 5812 2001 (83) 203 (75) 2204

Yes 1186 (11) 216 (22) 1402 398 (17) 68 (25) 466

Missing 4325 (39) 433 (44) 4758 - - -

Allergy to food or drink No 7218 (66) 587 (59) 7805 2393 (100) 268 (99) 2661

Yes 1466 (13) 217 (22) 1683 6 (0) 3 (1) 9

Missing 2294 (21) 190 (19) 2484 - - -

Maternal asthma No 8803 (80) 728 (73) 9531 - - -

Yes 1091 (10) 173 (17) 1264 - - -

Missing 1084 (10) 93 (9) 1177 - - -

Indoor exposure to 
cigarette smoke in 
childhood

No 4368 (40) 361 (36) 4729 2397 (100) 271 
(100)

2668

Yes 5471 (50) 532 (54) 6003 2 (0) 0 (0) 2

Missing 1139 (10) 101 (10) 1240 - - -

Exposure to mould No 8899 (81) 796 (80) 9695 - - -

Yes 733 (7) 85 (8) 818 - - -

Missing 1346 (12) 113 (11) 1459 - - -

Evidence of lung function 
or reversibility testing

No 10258 (93) 491 (49) 10749 2309 (96) 191 (70) 2500

Yes 720 (7) 503 (51) 1223 90 (4) 80 (30) 170

SABA prescription No 10222 (93) 544 (55) 10766 2171 (90) 80 (30) 2251

Yes 756 (7) 450 (45) 1206 228 (10) 191 (70) 419
*Social class by parental occupation: I = Professional, II = Managerial and technical, IIIa = Skilled non-manual, IIIb = Skilled manual,  
IV = Partly skilled, V = Unskilled. SABA = Short Acting Beta Agonist.

(95% CI 0.95 to 1.05) and E/O of 1.00 (95% CI 1.00 to 1.00) 
indicated a well fitted model and good calibration. The cali-
bration plot (Figure 1) identified mis-calibration at higher 
predicted probabilities though markers above and below the  
reference line indicated mis-calibration was not systematic.

Internal validation
There was limited overfitting of the model in the derivation  
sample (Table 4). The calibration slope adjusted-for-optimism 

(0.99) was used as the shrinkage factor to adjust model regression 
coefficients for optimism.

External validation
Participants. A total of 2,670 participants were included in the 
external validation dataset, of whom 1,334 (50%) were female  
(Table 2). Compared to ALSPAC, the proportion of individuals 
with eczema was higher (17% vs 12%), but lower for hay-fever  
(5% vs 9%). No relevant clinical codes were found in the  
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external validation dataset for allergy to food or drink (0% vs 14%) 
or exposure to cigarette smoke during childhood (0% vs 50%).  
Two hundred and seventy-one (10%) participants had asthma, 
of whom an equal proportion were males and females (50% 
vs 50%). Of those with asthma, 194 (71%) had a diagnosis  
before 10 years of age, in contrast to 56% in ALSPAC. Cough 
(36% vs 19%), wheeze (9% v 4%) and breathlessness (3% vs 
1%), were proportionally higher in those with asthma. A higher 
proportion of participants with asthma had been prescribed 
a SABA (70% vs 10%) or had evidence of lung function or  
reversibility testing (30% vs 10%) before the event-date.

Model refitting. The re-fitted model included the same pre-
dictors as the full model, except for social class and maternal 
asthma. Performance of the re-fitted model was similar to the  
full model (Figure 2 and Table 4), though the full model had 

a lower AIC than the re-fitted model (5085.93 vs 5094.33). 
The re-fitted model was adjusted for optimism (as shown in  
Equation 2) and the linear predictor used to calculate pre-
dicted probabilities of participants in the external validation  
dataset.

( )

( )
ln 3.97 0.66( ) 0.44( ) 0.83( )

1

0.14( ) 0.14( ) 0.17( )
0.14( ) 1.71( / )
1.14( )

asthma

asthma

p
Wheeze Cough Breathlessness

p

Hayfever Eczema FoodAllergy
SmokeExposure LungFunction Reversibility
SABA

 
= − + + +  − 

+ + +
− +
+

Equation 2

Model performance. Discrimination of the re-fitted model 
was similar to that observed in the derivation dataset with the  
C-statistic 0.85 (95% CI 0.83 to 0.88, Table 5). The calibra-
tion slope 1.22 (95% CI 1.09 to 1.35) indicated the model was  
underfitted in OPCRD, meaning that with the information 

Table 3. Univariable and multivariable odds ratios for predictors in 
the asthma diagnosis model fitted in the derivation dataset.

Predictor OR (univariable) OR (multivariable)

Sex  

        Female 1 (ref) -

        Male 1.11 (0.98, 1.27) -

Social Class*  

        I – least deprived 1 (ref) 1 (ref)

        II 1.38 (1.03, 1.85) 1.30 (0.94, 1.80)

        IIIa 1.46 (1.09, 1.97) 1.33 (0.96, 1.85)

        IIIb 1.95 (1.42, 2.68) 1.73 (1.21, 2.47)

        IV 1.45 (1.00, 2.10) 1.20 (0.78, 1.84)

        V – most deprived 2.07 (1.22, 3.52) 1.83 (1.00, 3.34)

Wheeze 5.39 (4.55, 6.37) 1.94 (1.57, 2.38)

Cough 3.19 (2.71, 3.75) 1.54 (1.28, 1.86)

Breathlessness 5.86 (5.09, 6.75) 2.26 (1.90, 2.69)

Hay-fever 3.99 (3.31, 4.81) 1.16 (0.93, 1.45)

Eczema 2.89 (2.41, 3.46) 1.16 (0.95, 1.42)

Allergy to food or drink 1.82 (1.54, 2.15) 1.18 (0.97, 1.43)

Maternal asthma 1.97 (1.61, 2.29) 1.27 (1.03, 1.57)

Indoor exposure to cigarette 
smoke in childhood

1.18 (1.02, 1.35) 0.82 (0.70, 0.97)

Exposure to mould 1.30 (1.02, 1.64) -

Evidence of lung function/ 
reversibility testing

14.60 (12.62, 16.88) 5.56 (4.66, 6.64)

SABA prescription 11.19 (9.67, 12.93) 3.11 (2.60, 3.73)
Sex and exposure to mould were not included in the final multivariable model. *Social 
class by parental occupation: I = Professional, II = Managerial and technical, IIIa = 
Skilled non-manual, IIIb = Skilled manual, IV = Partly skilled, V = Unskilled. A description 
of the how the variables were defined is in Table S2. 
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available, model predictions did not adequately predict those 
at high probability (also visualised in the calibration plot,  
Figure 2).

Discussion
Using data from a longitudinal cohort, we derived and validated 
a model to support primary care clinicians assess the prob-
ability of asthma diagnosis for children and young people. In  
ALSPAC, model performance was good, though the model 

produced less reliable predictions for those at higher prob-
ability of asthma. In OPCRD, model discrimination was 
similar to ALSPAC, yet the model was worse at predicting  
those at higher probability of asthma.

Strengths and limitations
In contrast to the majority of previous prediction models for 
asthma diagnosis which were found to be at high risk of bias10, 
our study sought to minimise the risk of bias (as laid out by  

Table 4. Performance measures for the asthma diagnosis multivariable model 
after internal validation (derivation/internal validation dataset).

Performance 
measure

Original - asthma 
model

Optimism –asthma 
model

Adjusted – asthma 
model

Full model  

C statistic 0.86 0.00 0.86

Calibration slope 1 0.01 0.99

Re-fitted model  

C statistic 0.86 0.00 0.86

Calibration slope 1 0.01 0.99
Values displayed are the median from the 20 imputed datasets. Full model indicates the model built 
from all available candidate predictors in the derivation dataset. Re-fitted model indicates the model 
refitted without social class and maternal asthma. 

Figure 1. Calibration plot for the asthma diagnosis multivariable model asthma arising from imputed dataset 1 (n=11,972).
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PROBAST12) by establishing a clear rationale for candidate 
selection, handling missing data, reporting model perform-
ance and conducting internal and external validation10,13,28. The  
sample size, quality of recording and ability to link to EHR were 
strengths for using ALSPAC. Completing an external valida-
tion in OPCRD also had advantages, including the opportunity  
to use the same outcome measure.

However, using data from an existing study such as ALSPAC, 
rather than a study designed specifically for the derivation of a 
diagnostic model introduced limitations11,12. Though ALSPAC  
has a range of variables, some desired features (e.g. chest  
tightness) were unavailable. Other variables (e.g. FeNO) were  
missing in too many participants to be included. 

We relied on clinical coding and prescribing to identify those 
with an asthma diagnosis and the date of diagnosis, but the out-
come measure was unvalidated and likely to reflect the diag-
nostic and treatment practice of UK primary care clinicians  
between 1990 and 2015. Consequently, the outcome measure  
used may have under- or over-estimated the true number of 
participants with asthma and contributed to a higher-than- 
expected number of children identified with the outcome 
below five years of age. The decision to include a broad range 
of ages was pragmatic, but the downsides of this approach 
include missing an opportunity to consider differences in pres-
entation by age, and including children under five, an age 
group in which making a diagnosis of asthma is known to be  
challenging. 

Table 5. Performance of the re-fitted asthma diagnosis model in 
the derivation dataset and external dataset.

Performance 
measure

Derivation dataset 
(95% CI)

External validation dataset 
(95% CI)

C-statistic 0.86 (0.85 to 0.87) 0.85 (0.83 to 0.88)

E/O 1.00 (1.00 to 1.00) 0.44 (0.42 to 0.46)

Calibration 
slope

1.00 (0.95 to 1.05) 1.22 (1.09 to 1.35)

E/O = ratio of expected and observed number of events

Figure 2. Calibration plots for the re-fitted asthma diagnosis model arising from: A) imputed dataset 1 (n=11,972) B) external validation 
dataset (n= 2,670).
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The aim of the study was to derive a model for use when 
a child or young person presented with symptoms sugges-
tive of asthma in primary care, yet this was not possible in the  
chosen dataset because the sample contained individuals with 
and without respiratory symptoms. Consequently, further  
evaluation of model performance in a sample of participants 
presenting with symptoms is warranted as model discrimina-
tion could be worse if used only in symptomatic individuals.  
In addition, the predictors relied on questionnaire data col-
lected prior to the event date, rather than at the time of diagno-
sis so predictors reflect the occurrence of symptoms/conditions  
at any time before the event date, rather than at the time of pres-
entation with symptoms. The inclusion of predictors captur-
ing information at the time of presentation (e.g., frequency 
and variation of symptoms or triggers) should be considered  
in future prospective research.

We sought to externally validate the model in routinely col-
lected data, because we hoped to learn how the model would 
perform in a dataset which closely represented routine primary  
care. However, the external validation dataset had substan-
tial differences in the way that predictors were constructed and 
participant characteristics, which made it harder to directly 
compare model performance to the derivation dataset. In  
OPCRD, we made the assumption that the absence of a Read 
code equated to the absence of a predictor. Whilst pragmatic, 
this approach underestimated participant characteristics, par-
ticularly wheeze, breathlessness, allergy, and smoke exposure. 
Lack of data for these characteristics contributed to the inferior  
calibration observed in OPCRD. 

Interpretation
Similar to existing models for asthma diagnosis in primary  
care, our model included predictors encompassing symptoms, 
past medical history, family history, but also took account of 
social class, exposure to cigarette smoke and past treatment.  
A lack of appropriate data prevented us including results of 
investigations, as achieved previously in three models for  
adults30–32. 

In our study, childhood exposure to cigarette smoke was 
associated with a reduced probability of asthma which was  
unexpected given that a meta-analysis found household expo-
sure to tobacco smoke was associated with an increased inci-
dence of asthma in children33.  Passive inhalation of smoke 
may have an inflammatory effect on the airway which can 
increase the likelihood of lower respiratory tract infection34  

and the propensity to wheeze35. Therefore, in our model, 
exposure to cigarette smoke may have reduced the probabil-
ity of asthma because an alternative reason for symptoms was 
more likely. Another explanation might be reverse causa-
tion, as it is possible that parents stopped smoking when their  
child developed asthma like symptoms.

Two predictors, evidence of lung function/ reversibility test-
ing (which indicated that testing had been done regardless of 
the result) and SABA prescription prior to the index date, were 
strongly associated with the outcome. The presence of these  

codes may have indicated a diagnosis had been made but 
was not identified using the outcome measure. Alternatively,  
these variables may reflect that a clinician had previously  
considered the diagnosis, but at the time of testing lung func-
tion was normal or there was not enough evidence to commit  
to a diagnosis, so symptomatic treatment was provided.

The only prior model for asthma diagnosis in children in  
primary care, used healthcare provider decision as the  
outcome36. In our study, the outcome used the presence of  
asthma-specific Read codes19 in combination with ICS prescrib-
ing. Not all children/young people with asthma will require 
treatment with regular ICS and therefore it is possible that 
our use of this outcome measure limits the generalisability of  
model predictions to primary care populations. On the other 
hand, most contemporary guidelines recommend ICS as the 
first line treatment for all but the mildest forms of asthma and 
there has been a trend to move away from traditional label-
ling of individuals with the umbrella term asthma37,38. As  
eosinophilic airway inflammation is one of the most com-
mon and treatable phenotypes, being able to identify ‘steroid 
responsive asthma’ in individuals presenting with respiratory 
symptoms is valuable39. Therefore, a possible advantage of our  
prediction model is that it can guide decisions on the prob-
ability of individuals having asthma that require at least three 
ICS prescriptions in the following 12 months. We acknowl-
edge that further evaluation is required before the model can  
be used routinely37,38.

Implications for practice and research
The model has been designed with the intention for use by 
health professionals to calculate the probability of asthma 
diagnosis for a child or young person up to 25 years of age  
presenting to primary care. To facilitate use, the prediction 
model has been incorporated into a prototype clinical decision 
support system (CDSS), which provides an interface for rel-
evant predictors to be collected, and the probability calculated  
and visualised. The CDSS can interact with primary care 
EHR meaning that relevant predictors can be auto-populated 
in addition to being inputted by the user. As making a diag-
nosis of asthma in pre-schoolers is particularly challenging4,  
the CDSS has been designed for use in children/young peo-
ple aged five to 25 years. Before the prediction model could 
be implemented in routine clinical practice (as a CDSS or  
otherwise), researchers should consider assessing model per-
formance in sub-groups of participants, completing further exter-
nal validation and assessing clinical effectiveness of the model 
through a clinical trial of participants presenting to primary  
care with undifferentiated symptoms40. In addition research-
ers should consider opportunities for using free text from 
EHR which could enhance the accuracy of information 
available from routinely collected data and improve model  
calibration41.

Conclusions
Making a secure diagnosis of asthma remains challenging for 
clinicians, especially in primary care. With further evaluation 
of clinical effectiveness, our model, derived from a birth cohort 
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and externally validated in a primary care database could sup-
port clinicians assess the probability of asthma in children and  
young people.
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Research Authority - North West - Haydock Research Eth-
ics Committee, (Reference: 10/H1010/70). Informed consent 
for the use of data collected via questionnaires and clinics was  
obtained from participants following the recommendations of 
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has been ethically approved by the NHS Health Research 
Authority to hold and process anonymised data as part of 
their service delivery (Research Ethics Committee reference:  
20/EM/0148). The ethical approval achieved by OPCRD covers 
the use of anonymised data from OPCRD in individual projects 
(including this study) subject to a successful review by the  
Anonymised Data Ethics Protocols and Transparency (ADEPT) 
committee – the independent scientific advisory committee 
for the OPCRD. The protocol for the external validation was  
approved by the ADEPT committee (Reference: ADEPT0320)

Data availability
Underlying data
ALSPAC. ALSPAC data access is through a system of man-
aged open access. The steps below highlight how to apply 
for access to the data referred to in this article and all other  
ALSPAC data. The datasets presented in this article are linked 
to ALSPAC project number B2830, please quote this project 
number during your application. The ALSPAC variable 
codes highlighted in the dataset descriptions can be used to  
specify required variables.

1.   �Please read the ALSPAC access policy (https://www. 
bristol.ac.uk/media-library/sites/alspac/documents/
researchers/data-access/ALSPAC_Access_Policy.pdf) 
which describes the process of accessing the data and  
samples in detail, and outlines the costs associated with 
doing so.

2.   �You may also find it useful to browse our fully search-
able research proposals database (https://proposals.epi.
bristol.ac.uk/), which lists all research projects that have  
been approved since April 2011.

3.   �Please submit your research proposal for considera-
tion by the ALSPAC Executive Committee. You will 

receive a response within 10 working days to advise  
you whether your proposal has been approved.

If you have any questions about accessing ALSPAC data,  
please email alspac-data@bristol.ac.uk. The study website also 
contains details of all the data that is available through a fully  
searchable data dictionary: http://www.bristol.ac.uk/alspac/
researchers/data-access/data-dictionary/

OPCRD. Access to OPCRD is through a managed system. More 
details are available at https://opcrd.co.uk/

Extended data
Open Science Framework: Extended data for ‘Clinical  
prediction model for the diagnosis of asthma in children and young 
people in primary care’, https://osf.io/kfz3n/15

This project contains the following extended data:

•   �AsthmaSpecific_ReadcodeList.txt (Asthma-specific read 
codes.)

•   �LungFunctionAndReversibility_ReadCodeList.txt (Lung 
function/reversibility testing read codes.)

Reporting guidelines
Open Science Framework: TRIPOD checklist for ‘Clinical  
prediction model for the diagnosis of asthma in children and young 
people in primary care’, https://osf.io/kfz3n/15

Data are available under the terms of the Creative Commons  
Attribution 4.0 International license (CC-BY 4.0)
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Thank you for the revised manuscript, in which all the points we raised are now discussed. 
However, only few comments were actually implemented in the prediction model that is 
presented. 
  
We of course understand that it is a lot of work to make changes to the fundamental model, but 
we still strongly believe that the model would be more useful for physicians if the inclusion criteria 
resembled more the population who would be evaluated for asthma in the first place, e.g. children 
with cough or wheeze – at a specific time or at any time perhaps. Alternatively, the authors could 
run a sensitivity analysis in a restricted sample and study predictive performance of the model.  A 
model, which includes mainly healthy children is not really useful for the clinician, who wants to 
assess the asthma risk in children who visit him for asthma-like symptoms. Such a model is also 
likely to overperform, as it includes much heterogeneity, and of course it is always easier to 
distinguish healthy  children form sick children, than to predict one of competing diagnoses in 
children presenting with relatively  non-specific symptoms. As the datasets are large, we believe 
they would have allowed to run an analysis including only symptomatic children. The same relates 
to age-specific or age-stratified models. Given that the diagnosis and phenotypes of asthma vary 
greatly over the growth period, it seems unlikely that models including all people from infancy to 
age 25 years might be clinically really useful. 
 
Also, we would propose to show a risk score based on the developed prediction model ,with 
performance measures (e.g. sensitivity, positive predictive values) for each score cut-off which 
could be used by clinicians. 
  
Saying this, the paper is carefully presented, it describes how the model was developed (this is in 
stark contrast to much that has been published previously) and limitations are discussed.
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Daines et al. undertook a study aiming to develop an asthma prediction model for individuals 
under 25 years of age. They used data from a large UK-based longitudinal birth cohort study to 
develop the prediction model, then used this model as a basis for asthma prediction in patients 
within an electronic health record database. The model was developed using known asthma 
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predictors identified through the literature, and showed good predictive performance based on 
the C-statistic for logistic regression models in the original ALSPAC dataset, however, did not 
perform as well for predicting asthma in the EHR dataset. Based on these findings, the authors 
conclude that a prediction model encompassing predictors wheeze, cough, breathlessness, hay-
fever, eczema, food allergy, social class, maternal asthma, childhood exposure to cigarette smoke, 
SABA prescription and evidence of lung function/reversibility testing could guide the management 
of individuals with asthma that requires at least three ICS prescriptions in the following 12 
months. 
 
The ability to predict asthma in young children has been a goal of many research teams. This 
study has however taken a different approach by including a large age range including individuals 
up to 25 years of age. The study does take a novel approach of aiming to validate their findings in 
a large dataset based on a population within an EHR database. Comments are as follows:

While the authors present their findings as taking a 'treatable traits' approach where they 
conclude that their findings are applicable to individuals with asthma who require at 
least three ICS prescriptions in the following 12 months, the predictors identified are known 
within the literature to be associated with asthma and may be common to other 'treatable 
traits' not assessed here. Without assessing another 'treatable trait' of asthma, can the 
authors be certain this prediction model is not applicable to individuals with asthma without 
the ICS prescription for example. Can this be assessed? 
 

1. 

The asthma Read code used in determining the outcome should be clearly defined. The 
authors provide a reference to Nissen et al. 2017, however this study outlines a comparison 
of various combinations of the asthma Read code with reversibility testing and asthma 
medications, to confirm asthma diagnosis, with positive predictive values around 86%, 
suggesting the possibility of inaccuracies as well. Are the authors confident that the 
predictors are not included in the asthma Read code used to define the outcome? 
 

2. 

The authors used the C-statistic to conclude that the model could discriminate those with 
asthma and those without. Previous childhood prediction models have been found to have 
good specificity or negative predictive value, but low sensitivity or positive predictive value. 
It would be helpful to be able to differentiate this as well in this model. Is there good 
sensitivity? 
 

3. 

With regards to the rationale for excluding the predictor Allergy to a substance other than 
food or drink. Allergies to aeroallergens such as house dust mite and pet dander may have 
additional benefit? Similarly, I would argue that Maternal smoking during pregnancy does 
provide additional information to cigarette smoke exposure in childhood. The extent of 
exposure in childhood may be variable depending if the exposure was indoors, outdoors or 
in a vehicle, however exposure in utero can affect lung development.

4. 

 
Is the work clearly and accurately presented and does it cite the current literature?
Yes

Is the study design appropriate and is the work technically sound?
Yes

Are sufficient details of methods and analysis provided to allow replication by others?
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Partly

If applicable, is the statistical analysis and its interpretation appropriate?
Yes

Are all the source data underlying the results available to ensure full reproducibility?
Yes

Are the conclusions drawn adequately supported by the results?
Partly

Competing Interests: I have been involved in studies of asthma prediction in young children.

Reviewer Expertise: Respiratory physiology, biostatistics, epidemiology

I confirm that I have read this submission and believe that I have an appropriate level of 
expertise to confirm that it is of an acceptable scientific standard, however I have 
significant reservations, as outlined above.

Author Response 04 Sep 2023
Luke Daines 

Thank you for reviewing our manuscript and your helpful comments which we have 
responded to point by point below.

While the authors present their findings as taking a 'treatable traits' approach where 
they conclude that their findings are applicable to individuals with asthma who 
require at least three ICS prescriptions in the following 12 months, the predictors 
identified are known within the literature to be associated with asthma and may be 
common to other 'treatable traits' not assessed here. Without assessing another 
'treatable trait' of asthma, can the authors be certain this prediction model is not 
applicable to individuals with asthma without the ICS prescription for example. Can 
this be assessed?

○

Response: Thank you for letting us elaborate on this point. We feel that the model could be 
applicable to those with a different treatable trait and with hindsight, feel that our use of 
the term ‘treatable trait’ has been unhelpful here. We weren’t trying to indicate that the 
outcome only identified those (for example) with sputum eosinophilia. Rather, it was a 
suggestion to distinguish that the outcome couldn’t be considered as being all phenotypes 
of asthma. We realise that our use of the term treatable trait may have raised specific 
implications which wasn’t our intention. Therefore, we have edited the discussion as follows: 
“In our study, the outcome used the presence of asthma-specific Read codes in combination with 
ICS prescribing. Not all children/young people with asthma will require treatment with regular 
ICS and therefore it is possible that our use of this outcome measure limits the generalisability of 
model predictions to primary care populations. On the other hand, most contemporary 
guidelines recommend ICS as the first line treatment for all but the mildest forms of asthma and 
there has been a trend to move away from traditional labelling of individuals with the umbrella 
term asthma. As eosinophilic airway inflammation is one of the most common and treatable 
phenotypes, being able to identify ‘steroid responsive asthma’ in individuals presenting with 
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respiratory symptoms is valuable. Therefore, a possible advantage of our prediction model is that 
it can guide decisions on the probability of individuals having asthma that require at least three 
ICS prescriptions in the following 12 months. We acknowledge that further evaluation is required 
before the model can be used routinely.”

The asthma Read code used in determining the outcome should be clearly defined. 
The authors provide a reference to Nissen et al. 2017, however this study outlines a 
comparison of various combinations of the asthma Read code with reversibility 
testing and asthma medications, to confirm asthma diagnosis, with positive 
predictive values around 86%, suggesting the possibility of inaccuracies as well. Are 
the authors confident that the predictors are not included in the asthma Read code 
used to define the outcome?

○

Response: As per the journal requirements the code list we used for the outcome measure 
and previous lung function/reversibility testing is available in the extended data. Nissen et 
al., 2017 did indeed use different methods of identifying asthma diagnosis. Following 
correspondence with the authors we chose to use the asthma ‘specific’ Read codes only. The 
code list we used for previous lung function/reversibility testing was based on the 
reversibility codes specified by Nissen et al., but adds other codes relevant to the broader 
concept of lung function testing. The codes contained in the separate code lists are distinct. 
We have added a reference to the extended data in the Methods: “Therefore, we defined 
asthma as the occurrence of at least three inhaled corticosteroid (ICS) prescriptions in one year 
and a ‘specific’ asthma Read code19 (See Extended data15 for the code list).”

The authors used the C-statistic to conclude that the model could discriminate those 
with asthma and those without. Previous childhood prediction models have been 
found to have good specificity or negative predictive value, but low sensitivity or 
positive predictive value. It would be helpful to be able to differentiate this as well in 
this model. Is there good sensitivity?

○

Response: As for our response to reviewer 1, we chose to prioritise c-statistic, calibration 
slope, calibration plot based on the prediction modelling training received from experts 
from the TRIPOD group.5 Calculating other measures of performance such as sensitivity, 
specificity, negative and positive predictive values would have been another approach but 
would require a threshold / risk groups to be defined which we chose not to do.

With regards to the rationale for excluding the predictor Allergy to a substance other 
than food or drink. Allergies to aeroallergens such as house dust mite and pet dander 
may have additional benefit? Similarly, I would argue that Maternal smoking during 
pregnancy does provide additional information to cigarette smoke exposure in 
childhood. The extent of exposure in childhood may be variable depending if the 
exposure was indoors, outdoors or in a vehicle, however exposure in utero can affect 
lung development.

○

Response: Allergies to aeroallergens: We agree with you about the relevance of allergy to 
aeroallergens for asthma and did include hay fever (a clinical manifestation of being 
affected by an aeroallergen) as a predictor variable. The decision to exclude allergy to 
substance other than food or drink was based on the following considerations. Firstly, we 
considered the question asked in the ALSPAC questionnaire (Apart from food and drink are 
there any other things to which he/she [the child] is allergic?) was a bit imprecise and if 
included in the model might be confusing for clinicians to ask about. Secondly, it had more 
missing data than for the allergy to food and drink variable (36% participants with missing 
data compared to 21%). We have updated Table 1 to provide a greater explanation for the 
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decision. Maternal smoking: Again, we agree that Maternal smoking during pregnancy does 
offer slightly different information. To clarify, the exposure to cigarette smoke was based on 
the question, “Please indicate how often during the day the child is in a room or enclosed 
place where people are smoking”, which we turned into a binary variable. Our decision not 
to include maternal smoking during pregnancy as well as exposure to smoking in childhood 
was based on the following: 91% of children who were exposed to smoke during pregnancy 
were also exposed to smoke during childhood. 47% of children not exposed to smoking 
during pregnancy were exposed to cigarette smoke during childhood, making it potentially 
difficult to interpret the value of smoking during pregnancy in these children. Also, from a 
clinical perspective we felt that asking a parent about exposure during childhood would be 
more acceptable (and less impacted by social desirability bias) than during pregnancy. 
Exposure during childhood would also be easier to answer by a young person/teenager if 
they presented for consultation without a parent. In light of your comment, we have 
updated Table 1 to clarify that it was indoor smoke exposure and to provide greater 
explanation for the decision.  

Competing Interests: No competing interests were disclosed.

Reviewer Report 31 May 2023
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Claudia Kuehni  
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This paper, which I enjoyed reading, aims to derive and externally validate an asthma diagnosis 
prediction model for primary care, for children and young people aged 1 to 18 years. The model is 
derived using ALSPAC data (combined survey data with linked medical records); N=11972) and 
externally validated using the OPCRD (Optimum patient care research; only data from medical 
records, N= 267). 
 
I would like to commend the authors for the high-quality work presented here, derived from a 
thorough preparation (review of existing models, published study protocol for developing the new 
model, transparent description of datasets, missingness and analysis, reporting model 
performance, imputing missing values using MI, performing internal and external validation). The 
methodology is the best I have seen among published asthma prediction models. The final model 
includes previous occurrence of wheeze, cough and breathlessness, and previous lung function 
testing and SABA use as strong predictors, and social class, maternal asthma, hayfever, eczema 
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and food allergy as weak predictors. 
 
Nevertheless I have some  major concerns, most of which relate to the choice of study population 
and setting, and some are methodological. As I am not a statistician, I think it would be good to 
include in the review process a statistician with high expertise in clinical prediction models. 
 
Major comments:

Choice of setting and study population: The paper aims to develop a model that can be 
used in primary care, to help GPs make (or exclude) a diagnosis of asthma when evaluating 
children aged between 1 and 18 years presenting with recurrent respiratory symptoms. The 
outcome (=”Diagnosis”) is defined as a child who has a GP diagnosis of asthma and needs at 
least 3 prescriptions for ICS per year. Thus, the target population of interest are children 
and young people presenting repeatedly to the GP with respiratory symptoms, the outcome 
is physician-diagnosed asthma needing ICS treatment for several months a year. I have 
several questions relating to this:

Target population: It is easy for a GP (in fact for everybody) to distinguish children 
with moderately severe asthma (needing continuous inhaled steroids) from totally 
healthy children. This is what the model does, by including all ALSPAC children from 
the (mostly healthy) birth cohort. The real question for the GP (and much more 
difficult) is to distinguish children with asthma from other children presenting 
repeatedly with cough, wheeze and breathlessness (i.e. for possible asthma). This is 
the study population that should be included, and not the entire, mostly healthy, 
ALSPAC group. This is reflected by Figure 1 which shows that nearly all dots are in the 
left bottom corner. I think this explains the high AUC. The model would probably be 
worse if applied only to children presenting at the GP for possible asthma. 
 

1. 

Age groups: For a paediatrician it is difficult to understand why the target age range 
is so broad, including infants, toddlers, schoolchildren and young adults. Asthma 
signs and symptoms vary significantly according to age. Asthma diagnosis guidelines 
distinguish under fives from older children. And some of the important predictors (in 
particularly previous lung function testing, but also previous symptoms such as 
wheeze or hayfever) are not available or only available for a shorter time period in 
younger children. Thus, I would have expected models adapted to specific age 
groups, or at least interaction terms with age included in the modelling process (not 
sure this could be done with the approach chosen,  or would rather need decision 
trees). Honestly, I am not sure if an all-age-model is useful. 
 

2. 

Source of information on predictors: I did not understand why the derivation study 
included not only predictors available to GPs (obtained from families when the child is 
ill), but also predictors obtained in ALSPAC by use of questionnaire surveys at 
different time-points unrelated to current morbidity or health care visits. Table 2 
shows indeed that prevalence of symptoms varies hugely between datasets (e.g. 
breathlessness among asthmatics 47% in ALSPAC, 3% in validation study). Some data 
(such as social class) might not be available to GPs who don’t have  questionnaires 
from their patients. 
 

3. 

1. 

Choice of outcome: the outcome is not very robust; as it does not include any objective 
tests, but only reflects the diagnostic and treatment habits of GPs. Thus, if – as a GP - I use 

2. 
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the model to help me diagnose asthma, all it does is bringing me closer to the average of 
other GPs (i.e. the average of GPs working in the Bristol area in the early 2000s). Thus, 
depending on my prior skills, the model will not always improve my work, but could also 
make it worse (if I have above average knowledge on asthma). This could be discussed. 
 
Choice of predictor variables: I commend the authors for having searched the literature 
and taking a systematic approach for selection of predictors, looking at clinical meaning and 
availability of data. I have a few questions here:

Previous lung function tests and previous SABA use will only be available for older 
participants (lung function), and actually reflects a previous diagnosis or differential 
diagnosis of asthma made by the treating physician. Given that also the outcome is 
physicians diagnosis (expressed in words and by ICS prescription), this seems a self-
fulfilling prophecy. Of course a GP will make more often a diagnosis it the time of a 
visit if he has already made it previously and recorded it in the records. 
 

1. 

Could the authors justify why the they included “allergy” to food and drink, which  - 
certainly when parent-reported – are only weakly if at all related to asthma. These 
children can have a range of underlying problems, and IgE mediated food allergy is 
relatively rare in my experience. 
 

2. 

Maternal smoking: I would welcome arguments why information on maternal 
smoking was included in the final model. If I understand, it was only weakly related, 
and negatively (i.e. protective). Should I, as a GP, really take this into account and 
tend not to treat a child with ICS if the mum smokes? could the findings be explained 
by reverse causation (mothers stopped smoking when children became symptomatic) 
or by the chosen reference standard (doctors might have tended to prescribe 
antibiotics rather than ICS to children of smoking mums?).  At least this should be 
explained. 
 

3. 

It is a pity that the model does only use information on previous symptoms (any time 
in life – yes/no) and previous lung function tests and prescriptions of asthma inhalers, 
but not more detailed information on the current health status (when the child 
presents to the GP to get the DX/ICS prescription, and the 12 months before. This 
could be more informative and improve the model further. Such clinical details (which 
could easily be assessed by the physician would be frequency of symptoms at day- 
and nigh-time, trigger factors, etc). I understand this is an inherent limitation of the 
dataset, but it could be further discussed in particular with relating to future 
research. 
 

4. 

Final number of variables: It seems that all variables that remained significant in a 
backwards selection were included in the model. I wonder why not a more robust 
variable selection (some shrinkage procedure, such as by the LASSO method) has 
been chosen, or why coefficients were not rounded. To my understanding, all this 
would have further reduced overfitting and made the model more robust and 
simpler. For instance, I am not sure if variables with very small coefficients (i.e. Table 
3: smoking, social class, hayfever, eczema, allergy to food or drinks) substantially 
improve the model fit (sufficient improvement to justify making it more complicated). 
 

5. 

3. 
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Describing model performance: for the clinician, it would be helpful if additional 
measures were shown, such as sensitivity and specificity, NPV and PPV, for different 
scores. 
 

6. 

External validation:
The dataset used for external validation is very different from the one used for 
derivation, in that only information from GP records is available, while in the 
derivation sample they used also information form research questionnaires.  (see 
discrepancies in prevalence of predictors, Table 2). I think it would have been easier 
(and closer to the setting the model will be used in) if also the derivation dataset used 
only information form the health care records. 
 

1. 

I am not sure if the process described is really an external validation. (Steyerberg EW. 
Clinical Prediction Models : A Practical Approach to Development Validation and 
Updating. New York: Springer; 2009. doi:10.1007/978-0-387-77244-8). Rather, it seems 
the model was re-fitted in the new dataset. 
 

2. 

In my (statistically limited) understanding it would have been more logical to use in 
the derivation cohort only those predictors which are available in both cohorts, fit the 
model only with these, and see how the original model performs in the validation 
cohort .

3. 

4. 

Minor:
For the reader, it would be good to shortly describe/explain  the asthma Read code in the 
paper 
 

1. 

Could you tell the reader how many doses are contained in an average UK ICS prescription; 
i.e. for how many months of twice-daily treatment will the three prescriptions last? 
 

2. 

Table 4: please specify if the data for this table come from the derivation or validation 
cohort. 
 

3. 

Please describe better at which time-points the predictor data were selected, and (in 
ALSPAC), how much information was provided by questionnaires and by health care data.

4. 

Saying all that, the paper has been well done and transparently describe and very much deserves 
publication after some revision.   
 
PS. I base my comments mainly on the suggestions by Steyerberg, citation below (or what I 
understood from it) 
 
References 
1. Steyerberg E: Clinical Prediction Models. Publisher Full Text  
 
Is the work clearly and accurately presented and does it cite the current literature?
Yes

Is the study design appropriate and is the work technically sound?
Yes
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Are sufficient details of methods and analysis provided to allow replication by others?
Partly

If applicable, is the statistical analysis and its interpretation appropriate?
Yes

Are all the source data underlying the results available to ensure full reproducibility?
Partly

Are the conclusions drawn adequately supported by the results?
Partly

Competing Interests: I also work on prediction models for childhood asthma

Reviewer Expertise: Paediatrics (primary care), paediatric pulmonology, epidemiology

We confirm that we have read this submission and believe that we have an appropriate level 
of expertise to state that we do not consider it to be of an acceptable scientific standard, for 
reasons outlined above.

Author Response 04 Sep 2023
Luke Daines 

Thank you for reviewing our manuscript and your helpful comments which we have 
responded to point by point below. 
 
Major comments: 
 
1. Choice of setting and study population: The paper aims to develop a model that can be 
used in primary care, to help GPs make (or exclude) a diagnosis of asthma when evaluating 
children aged between 1 and 18 years presenting with recurrent respiratory symptoms. The 
outcome (=”Diagnosis”) is defined as a child who has a GP diagnosis of asthma and needs at 
least 3 prescriptions for ICS per year. Thus, the target population of interest are children 
and young people presenting repeatedly to the GP with respiratory symptoms, the outcome 
is physician-diagnosed asthma needing ICS treatment for several months a year. I have 
several questions relating to this:

Target population: It is easy for a GP (in fact for everybody) to distinguish children 
with moderately severe asthma (needing continuous inhaled steroids) from totally 
healthy children. This is what the model does, by including all ALSPAC children from 
the (mostly healthy) birth cohort. The real question for the GP (and much more 
difficult) is to distinguish children with asthma from other children presenting 
repeatedly with cough, wheeze and breathlessness (i.e. for possible asthma). This is 
the study population that should be included, and not the entire, mostly healthy, 
ALSPAC group. This is reflected by Figure 1 which shows that nearly all dots are in the 
left bottom corner. I think this explains the high AUC. The model would probably be 
worse if applied only to children presenting at the GP for possible asthma.

○

Response: We agree with your points and feel that this is a notable limitation to the study. 
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We have added the following text to the discussion: “The aim of the study was to derive a 
model for use when a child or young person presented with symptoms suggestive of asthma in 
primary care, yet this was not possible in the chosen dataset because the sample contained 
individuals with and without respiratory symptoms. Consequently, further evaluation of model 
performance in a sample of participants presenting with symptoms is warranted as model 
discrimination could be worse if used only in symptomatic individuals.”

Age groups: For a paediatrician it is difficult to understand why the target age range 
is so broad, including infants, toddlers, schoolchildren and young adults. Asthma 
signs and symptoms vary significantly according to age. Asthma diagnosis guidelines 
distinguish under fives from older children. And some of the important predictors (in 
particularly previous lung function testing, but also previous symptoms such as 
wheeze or hayfever) are not available or only available for a shorter time period in 
younger children. Thus, I would have expected models adapted to specific age 
groups, or at least interaction terms with age included in the modelling process (not 
sure this could be done with the approach chosen,  or would rather need decision 
trees). Honestly, I am not sure if an all-age-model is useful.

○

Response: Using the ALSPAC dataset meant that data were available for study participants 
from birth to 25 years of age. In primary care, individuals present at any age, and we 
decided to make use of all the data available, rather than restrict by age. We felt this would 
appeal to primary care clinicians, in that the prediction model could be used for any child or 
young person (up to 25 years). However, we agree that the predictors selected, and the 
strength of association between predictors and outcome may have been different had we 
derived separate models by age. It was not possible to include age as a predictor because it 
was used in determining an event date for those without asthma. We agree that diagnosing 
asthma in children under five years is challenging. We have changed the limitations section 
as follows: “We relied on clinical coding and prescribing to identify those with an asthma 
diagnosis and the date of diagnosis, but the outcome measure was unvalidated and likely to 
reflect the diagnostic and treatment practice of UK primary care clinicians between 1990 and 
2015. Consequently, the outcome measure used may have under- or over-estimated the true 
number of participants with asthma and contributed to a higher-than-expected number of 
children identified with the outcome below five years of age. The decision to include a broad 
range of ages was pragmatic, but the downsides of this approach include missing an opportunity 
to consider differences in presentation by age, and including children under five, an age group in 
which making a diagnosis of asthma is known to be challenging.” 

Source of information on predictors: I did not understand why the derivation study 
included not only predictors available to GPs (obtained from families when the child is 
ill), but also predictors obtained in ALSPAC by use of questionnaire surveys at 
different time-points unrelated to current morbidity or health care visits. Table 2 
shows indeed that prevalence of symptoms varies hugely between datasets (e.g. 
breathlessness among asthmatics 47% in ALSPAC, 3% in validation study). Some data 
(such as social class) might not be available to GPs who don’t have  questionnaires 
from their patients.

○

Response: Predictors captured ever having a symptom rather than at the time of 
presentation. Our vision was for the prediction model to be operationalised via a Clinical 
Decision Support System (CDSS) which would search for codes in the patient electronic 
health records and auto-populate the prediction model. Any features not picked up from 
the health records could be asked about by the clinician during the appointment. There was 
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a large disparity in symptoms between ALSPAC and the validation study which reflects both 
the enriched data (questionnaires of parents and young people) in ALSPAC and, we think, 
symptoms being poorly coded in routinely collected data. We have added the following text 
in the limitations section of the discussion: “In addition, the predictors relied on questionnaire 
data collected prior to the event date, rather than at the time of diagnosis so predictors reflect 
the occurrence of symptoms/conditions at any time before the event date, rather than at the time 
of presentation with symptoms. The inclusion of predictors capturing information at the time of 
presentation (e.g., frequency and variation of symptoms or triggers) should be considered in 
future prospective research.” 
 
2. Choice of outcome: the outcome is not very robust; as it does not include any objective 
tests, but only reflects the diagnostic and treatment habits of GPs. Thus, if – as a GP - I use 
the model to help me diagnose asthma, all it does is bringing me closer to the average of 
other GPs (i.e. the average of GPs working in the Bristol area in the early 2000s). Thus, 
depending on my prior skills, the model will not always improve my work, but could also 
make it worse (if I have above average knowledge on asthma). This could be discussed. 
 
Response: In the absence of an established reference standard for asthma, and with 
diagnostic tests available in less than a half of participants in the sample, our choice of 
outcome measure was pragmatic but has limitations as it reflects GP diagnosis which is 
known to over- (and probably under-) diagnose asthma. Including prescription of three ICS 
in a year is likely to have reduced the chance of children with transient symptoms being 
labelled as having asthma. Using a prediction model could result in regression to the mean 
in terms of clinician decision making. Interestingly in our recent qualitative work 
(unpublished), health professionals considered that a CDSS for asthma diagnosis would 
more likely benefit (and be used by) less experienced clinicians or trainees. Experienced 
clinicians did not feel they would gain from using a decision support, which reflects your 
point. In light of your comments, we have added the following text to the limitations 
section: “We relied on clinical coding and prescribing to identify those with an asthma diagnosis 
and the date of diagnosis, but the outcome measure was unvalidated and likely to reflect the 
diagnostic and treatment practice of UK primary care clinicians between 1990 and 2015. 
Consequently, the outcome measure used may have under- or over-estimated the true number of 
participants with asthma and contributed to a higher-than-expected number of children 
identified with the outcome below five years of age. ” 
 
3. Choice of predictor variables: I commend the authors for having searched the literature 
and taking a systematic approach for selection of predictors, looking at clinical meaning and 
availability of data. I have a few questions here:

Previous lung function tests and previous SABA use will only be available for older 
participants (lung function), and actually reflects a previous diagnosis or differential 
diagnosis of asthma made by the treating physician. Given that also the outcome is 
physicians diagnosis (expressed in words and by ICS prescription), this seems a self-
fulfilling prophecy. Of course a GP will make more often a diagnosis it the time of a 
visit if he has already made it previously and recorded it in the records.

○

Response: Firstly, to clarify, the list of Read codes used for the outcome measure, previous 
lung function/reversibility testing and SABA use were distinct, so there was no overlap 
between the three variables (see the data repository for code lists: https://osf.io/kfz3n/). 
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Secondly, the Read codes for lung function/reversibility testing included codes which 
indicated testing had been done, regardless of the result (i.e. even if a negative test was 
recorded). In relation to previous lung function/reversibility testing, as you say, it is possible 
that the diagnosis was made following the result of the lung function testing, which would 
be a natural sequence of events. Yet, it may also reflect that a clinician had considered the 
diagnosis before and considered or completed testing, but the result of the test did not lead 
to a diagnosis. We were interested in including this predictor because in primary care, it is 
common for lung function and reversibility testing to be falsely negative. For example, the 
British Thoracic Society/Scottish Intercollegiate Guideline Network asthma guideline 
reported that for spirometry, the negative predictive value for asthma ranged between 18 
and 54% indicating that more than half of individuals with normal spirometry will in fact 
have asthma.[i] Therefore, the significance of the predictor is that a clinician had previously 
considered the diagnosis – a common occurrence in a long-term variable condition. For the 
SABA variable, clinicians may not wish to commit to a diagnosis of asthma at the first 
presentation of a child or young person with wheeze or breathlessness, and instead choose 
to treat symptomatically and review at a later date. Prescribing a SABA would be first choice 
for the symptomatic relief of wheeze again reflecting that the diagnosis of asthma had been 
considered. Overall, we think these variables represent that someone else in the GP practice 
had thought about a diagnosis of asthma before, but the lung function test was normal, or 
that they were provided with a symptomatic treatment. We have added the following text to 
the discussion: Two predictors, evidence of lung function/ reversibility testing (which indicated 
that testing had been done regardless of the result) and SABA prescription prior to the index date, 
were strongly associated with the outcome. The presence of these codes may have indicated a 
diagnosis had been made but was not identified using the outcome measure. Alternatively, these 
variables may reflect that a clinician had previously considered the diagnosis, but at the time of 
testing lung function was normal or there was not enough evidence to commit to a diagnosis, so 
symptomatic treatment was provided.

Could the authors justify why the they included “allergy” to food and drink, which  - 
certainly when parent-reported – are only weakly if at all related to asthma. These 
children can have a range of underlying problems, and IgE mediated food allergy is 
relatively rare in my experience.

○

Response: Our systematic review identified history of allergy or atopy as a commonly 
occurring predictor in prediction models for asthma diagnosis, so we were keen to include 
allergy in the candidate predictors.[ii] In ALSPAC, allergy was asked about in two ways, “Are 
there any foods or drinks that your child is allergic to?” and  “Apart from food and drink are 
there any other things to which he/she is allergic?” Given the inter-relatedness of these 
variables, we chose to include one “allergy” variable only. We decided to exclude ‘allergy to 
substance other than food or drink’ because firstly, it had more missing data than the 
‘allergy to food and drink’ variable (36% participants with missing data compared to 21%). 
Secondly, we considered the question asked in the ALSPAC questionnaire was less clear 
than the ‘allergy to food and drink’ variable and if included in the model might be confusing 
for clinicians to ask about and patients/parents to respond to. Thirdly, hay fever was also 
included as a candidate predictor and is an indicator of an individual having an allergy to 
aeroallergens such as house dust mite or pollen. We have edited the rationale for exclusion 
in Table 1 as follows: “More missing data and broader definition than allergy to food/drink.”

Maternal smoking: I would welcome arguments why information on maternal 
smoking was included in the final model. If I understand, it was only weakly related, 

○
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and negatively (i.e. protective). Should I, as a GP, really take this into account and 
tend not to treat a child with ICS if the mum smokes? could the findings be explained 
by reverse causation (mothers stopped smoking when children became symptomatic) 
or by the chosen reference standard (doctors might have tended to prescribe 
antibiotics rather than ICS to children of smoking mums?).  At least this should be 
explained.

Response: For clarity, the variable included in the model was smoke exposure during 
childhood (rather than maternal smoking). The contribution of the variable in the model 
was unexpected and does not fit with a meta-analysis which investigated this topic[iii] so we 
do not feel it should be considered to reflect a ‘protective’ effect of smoking on asthma. One 
explanation might be that passive inhalation of smoke may have an inflammatory effect on 
the airway, which can increase the likelihood of lower respiratory tract infection[iv] and the 
propensity to wheeze.[v]Therefore in the prediction model, exposure to cigarette smoke 
may have reduced the probability of asthma because an alternative reason for symptoms 
was more likely. From a GP perspective, we don’t think it should influence GPs prescribing 
decisions, however, it might be that if a child / young person is presenting with lower 
probability of asthma, that clinicians seek further evidence by organising objective tests, 
rather than making a diagnosis based on history alone. The suggestion of reverse causation 
is also plausible. We have added the following to the discussion: “In our study, childhood 
exposure to cigarette smoke was associated with a reduced probability of asthma which was 
unexpected given that a meta-analysis found household exposure to tobacco smoke was 
associated with an increased incidence of asthma in children. Passive inhalation of smoke may 
have an inflammatory effect on the airway which can increase the likelihood of lower respiratory 
tract infection and the propensity to wheeze. Therefore, in our model, exposure to cigarette 
smoke may have reduced the probability of asthma because an alternative reason for symptoms 
was more likely. Another explanation might be reverse causation, as it is possible that parents 
stopped smoking when their child developed asthma like symptoms.”

It is a pity that the model does only use information on previous symptoms (any time 
in life – yes/no) and previous lung function tests and prescriptions of asthma inhalers, 
but not more detailed information on the current health status (when the child 
presents to the GP to get the DX/ICS prescription, and the 12 months before. This 
could be more informative and improve the model further. Such clinical details (which 
could easily be assessed by the physician would be frequency of symptoms at day- 
and nigh-time, trigger factors, etc). I understand this is an inherent limitation of the 
dataset, but it could be further discussed in particular with relating to future 
research.

○

Response: We agree and have added the following to the discussion: “The inclusion of 
predictors capturing information at the time of presentation (e.g., frequency and variation of 
symptoms or triggers) should be considered in future prospective research.”

Final number of variables: It seems that all variables that remained significant in a 
backwards selection were included in the model. I wonder why not a more robust 
variable selection (some shrinkage procedure, such as by the LASSO method) has 
been chosen, or why coefficients were not rounded. To my understanding, all this 
would have further reduced overfitting and made the model more robust and 
simpler. For instance, I am not sure if variables with very small coefficients (i.e. Table 
3: smoking, social class, hayfever, eczema, allergy to food or drinks) substantially 
improve the model fit (sufficient improvement to justify making it more complicated).

○
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Response: Yes, LASSO could have been used and was also suggested by a peer reviewer of 
the study protocol (https://wellcomeopenresearch.org/articles/5-50). As per our response 
then, we agree that LASSO could offer potential statistical advantages, but we chose to 
continue with our originally stated method, because we felt the clinical insight we brought 
to the study and the views of patient and public involvement members helped to limit the 
number of candidate predictors prior to modelling and reduce the chance of overfitting. In 
terms of variables with small coefficients, we opted to follow the methods as laid out in the 
protocol, and therefore chose to keep predictors that were selected during backward 
selection. The re-fitted model excluded social class and maternal asthma, and there was 
only a small difference to the AIC (full model = 5085.93, refitted model = 5094.33), however 
overall, we felt that the full model was parsimonious and uncomplicated. Additionally, we 
intended to implement the prediction model as a clinical decision support system which 
would help users to input information irrespective of the model complexity.

Describing model performance: for the clinician, it would be helpful if additional 
measures were shown, such as sensitivity and specificity, NPV and PPV, for different 
scores.

○

Response: There are several metrics to describe model performance, and we chose to 
prioritise c-statistic, calibration slope, calibration plot based on the prediction modelling 
training received from experts from the TRIPOD group.[vi] Calculating other measures of 
performance such as sensitivity, specificity, negative and positive predictive values would 
have been another approach but would require a threshold / risk groups to be defined 
which we chose not to do. 
 
4. External validation: 

The dataset used for external validation is very different from the one used for 
derivation, in that only information from GP records is available, while in the 
derivation sample they used also information form research questionnaires.  (see 
discrepancies in prevalence of predictors, Table 2). I think it would have been easier 
(and closer to the setting the model will be used in) if also the derivation dataset used 
only information form the health care records.

○

Response: When exploring opportunities for prediction model development in children, 
ALSPAC had advantages over other datasets because it had a number of variables that we 
hoped to include in a prediction model, for instance: FeNO, spirometry, skin prick testing, 
detailed reporting on symptoms. It was only during the data preparation phase that we 
realised many of the desired variables had been collected in a subset of the total cohort and 
were thus unavailable for use in the modelling due to missingness (as indicated in Table 1). 
Deriving the model using information only in health care records would have held 
advantages and disadvantages. Health care records rely on relevant data being coded. 
Unfortunately, information relevant for diagnosing asthma (such as symptoms, hay fever) 
are typically not well coded but more commonly held in free text data which are rarely 
available for research. Therefore, a prediction model derived using data only from health 
care records would lack detailed information on these predictors. Consequently, our 
approach was to first derive the prediction model in a dataset where information had been 
well recorded (i.e. ALSPAC in combination with data from health records), and then test the 
model in a dataset created from health records to see how well it performed in data closer 
to the setting in which the model will be used. As we mention in the discussion, one avenue 
we are pursuing is the use of unstructured data from health care records (i.e., free text) 
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which could enhance the information available. We have added the following text to the 
discussion: “We sought to externally validate the model in routinely collected data, because we 
hoped to learn how the model would perform in a dataset which closely represented routine 
primary care. However, the external validation dataset had substantial differences in the way that 
predictors were constructed and participant characteristics, which made it harder to directly 
compare model performance to the derivation dataset.”

I am not sure if the process described is really an external validation. (Steyerberg EW. 
Clinical Prediction Models : A Practical Approach to Development Validation and 
Updating. New York: Springer; 2009. doi:10.1007/978-0-387-77244-8). Rather, it seems 
the model was re-fitted in the new dataset.

○

Response: It was not possible to externally validate the full model (original model made in 
the derivation dataset) because we were unable to obtain equivalent variables for social 
class and maternal asthma in the external validation dataset. Subsequently, a second model 
excluding social class and maternal asthma was fitted (we termed this the “re-fitted” model) 
in the derivation dataset. Therefore, whilst not exactly as we had initially planned, we were 
able to complete an external validation, but it was of the re-fitted model rather than the full 
model. 

In my (statistically limited) understanding it would have been more logical to use in 
the derivation cohort only those predictors which are available in both cohorts, fit the 
model only with these, and see how the original model performs in the validation 
cohort .

○

Response: Ultimately using only the predictors available in both cohorts was what we did 
with the re-fitted model. We might have chosen to report only the re-fitted model but we 
felt it important to report the steps that we took and had outlined in the protocol.  Minor:

For the reader, it would be good to shortly describe/explain  the asthma Read code in 
the paper

○

Response: The code list for the outcome measure is available in the extended data (as per 
the journal requirements). The link is here: https://osf.io/kfz3n/ It is included in the 
manuscript as reference 15.

Could you tell the reader how many doses are contained in an average UK ICS 
prescription; i.e. for how many months of twice-daily treatment will the three 
prescriptions last?

○

Response: This varies quite a lot depending on inhaler type, doses and adherence. 
However, in general most inhaler types would be anticipated to last one month if taken 
every day. We’ve added the following text to the methods: “Participants who received at least 
three prescriptions of an ICS (which, if used every day would typically last one month), as a single 
inhaler or combined with a long-acting beta agonist, on separate days within a one-year period 
were identified.”

Table 4: please specify if the data for this table come from the derivation or validation 
cohort.

○

Response: It is from the derivation cohort. We have updated the heading for Table 4.
Please describe better at which time-points the predictor data were selected, and (in 
ALSPAC), how much information was provided by questionnaires and by health care 
data.

○

Response: We have added more detail in Table 1.  
 
Saying all that, the paper has been well done and transparently describe and very much 
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deserves publication after some revision.  
 
PS. I base my comments mainly on the suggestions by Steyerberg, citation below (or what I 
understood from it)   
 
Response: Thank you, we appreciate your comments.   
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