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**** 

Methods E1. Questions used in the development and validation of the prediction model/s 

In the final model that contained 15 predictors, in addition to demographic details, there were nine 

stem questions, with further questions conditional on the initial response.  Only the TAHS questions 

are presented here.  Those of ECRHS II main questionnaire can be found at https://www.ecrhs.org/  

 

As these ASCO codes (A4) approximate the ISCO-88 codes used by the ECRHS to the 1-digit level, the 

current job of the ECRHS work history calendar data was harmonized to the Australian data. ECRHS 

participants were assigned the “employed, unspecified” category if their job history was unavailable. 
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The stem smoking question for ECRHS was “Have you ever smoked for as long as a year?” and qualified 
by “at least 20 packs of cigarettes or 12 oz (360 grams) of tobacco in a lifetime, or at least one cigarette 

per day or one cigar a week for one year”.  

 

 

To harmonize the definition of chronic cough and chronic phlegm production, the core questions were 

derived from the ECRHS questionnaire that specified chronicity as present for at least 3 months per 

year but did not the number of consecutive years. 
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These questions from the development dataset (TAHS postal survey) were identical to those in the 

validation (ECRHS) dataset.  All the preceding questions from the 6th decade TAHS follow-sup were 

repeated from the postal survey  
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Methods E2. Questions that could be potentially harmonized in TAHS and ECRHS 

Potential predictors that were considered but not included in the model 

 

Demographic and socioeconomic factors 

Although increasing age is clearly related to increasing risk of COPD, we found that age was a poor 

predictor in our model because the age range in TAHS was already restricted to ages between 41 and 

45 years.  

It was possible to approximately harmonize the participant’s occupation according to the Australian 
Standard Classification of Occupations (ASCO)1 and International Standard Classification of 

Occupations (ISCO) codes to the 1-digit level for ISCO.2 However, it was not possible to adequately 

harmonize data relating to 1) educational level and 2) occupational exposure to specific hazards.   

Markers of air pollution 

Residing distance from a major road as a marker of outdoor air pollution was considered  important 

for any FEV1 decline analysis, but a causative role in COPD is still debated.3 Furthermore, although this 

variable was available for both the development and validation datasets, inclusion in resultant COPD 

risk-prediction tool would be logistically challenging for the general public to independently measure 

this variable.  

Similarly, while indoor air pollutants such as heating type, cooking method and residential mould 

might have a modest role in COPD development, there was concern raised by the co-authors (AJL) that 

including these questions in a COPD risk-prediction tool would unacceptably increase the consumer 

burden.   

Recalled variables in adulthood 

Multiple childhood factors that were retrospectively recalled in middle-age were considered due to 

the known early life origins of COPD4 (Table E1).  These variables included maternal/paternal smoking-

ever, serious respiratory infection <5 years of age, early life environment e.g. rural setting.5  However, 

up to one-third of participants chose the “don’t know” option, which represents substantial 
misclassification from retrospective recall in adulthood. While our research group did publish lung 

function findings from childhood measles infection, doctor-diagnosed pneumonia and tobacco smoke 

exposure from parental smoking, these analyses used prospectively collected data.5-7 

Variables from a restricted dataset 

Several additional adult factors were available in both the development and validation datasets, but 

these were restricted to the participants who also had their lung function measured in the smaller 

laboratory component of the 5th decade TAHS follow-up between 2006–2008 (n=1.389).  These 

variables included atopy (as measured by skin prick tests), asthma admission/s, inhaler use not 

specifically related to asthma, traffic noise, age of carpet, and cats in bedrooms.  

Separately, we have information on birth weight and small for gestational age but for only a subset of 

TAHS participants (n=2,775 and n=1,534 respectively), so these variables were never considered. 
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Table E1. Potential and final predictors in the derivation and validation cohorts 

 

Potential predictor 

General Population Cohorts  

In final 

model 

Derivation 

(TAHS) 

Validation 

(ECRHS) 

Demographics †    

 
Sex    

Age   † 

Occupation class    

Symptoms    

 

Wheezing    

Cough    

Sputum    

Breathlessness on 

exertion    

Tight chest    

Smoking    

 

Current    

Cigs per day    

Age of smoking onset    

Duration    

Pack-years    

Asthma    

 

Asthma-ever    

Current    

Age of onset    

Indoor environment    

 

Heating   -- 

Cooking   -- 

Visible mold   -- 

Recalled factors early 

childhood ‡ 
   

 

Residence, e.g. farm   -- 

Shared bedroom   -- 

Serious respiratory 

infection   -- 
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Early learning 

attendance   -- 

Paternal smoking   -- 

Maternal smoking   ǁ 

Pets (cat, dog) in the 

home   -- 

Residential distance from 

a major road   § 

Available only for a 

restricted subset 
   

 

Inhaler use   -- 

Asthma admission   -- 

Familial COPD  -- -- 

VGDF exposure --  -- 

Atopy SPT IgE -- 

Old carpet   -- 

Cats in house   -- 

Heavy residential 

traffic   -- 

Abbreviations: BD, bronchodilator; cigs, cigarettes; COPD, chronic obstructive pulmonary disease; 

ECRHS, European Community Respiratory Health Survey; IgE, immunoglobulin E; SPT, skin prick 

testing; TAHS, Tasmanian Longitudinal Health Study; VGDF, vapours, gases, dusts and fumes 

† Age accounted for by deriving post-BD airflow obstruction using the Global Lung function 

Initiative reference values 8 

‡ Substantial misclassification from participants opting to respond using “don’t know” option 

§ Variable available but unable to geocode values for the final tool 

ǁ Heavy maternal smoking expressed as an intensity has been documented to be associated with 

post-BD airflow obstruction in offspring,9 was only available as a retrospective variable ECRHS 
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Figure E4. Study flow diagram of participation and non-participation in the validation cohort, 

European Community Respiratory Health Survey (ECRHS) I-III 1992-2013. Percentages for non-

participation at subsequent follow-ups relate the proportion from the original ECRHS I survey.  
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Methods E3. Additional data collection and lung function testing methods 

 

Pre- and post-BD spirometry was performed using the EasyOneTM ultrasonic Spirometer (ndd, 

Medizintechnik, AG, Switzerland). Participants were asked not to smoke for 4-6 hours prior to testing. 

Each subject was required to perform at least three pre- and three post-BD trials that met American 

Thoracic Society (ATS) and European Respiratory Society (ERS) acceptability and repeatability 

criteria.10 The highest value for FEV1 and FVC from up to five technically acceptable and repeatable 

manoeuvres was recorded. Spirometry was repeated ten minutes after the administration of 300 and 

200 μg of salbutamol via spacer for TAHS and ECRHS participants respectively. For the present analysis, 

post-BD spirometric data were converted into z-scores (i.e. standard deviations or SD units) using 

established international reference values.8 

 

Methods E4. Additional statistical methods 

 

E4a. Rationale for using randomForest methodology 

Compared with regression techniques, this semi-automatic machine learning method can inherently 

accommodate non-linearity and complex interactions. Contrary to logistic regression, it does not 

break down in the presence of severe multi-collinearity and compared to a (single) classification tree 

(CART), it is much more stable and less biased. Forests do not provide easily interpretable regression 

coefficients or determination trees. However, they do provide predicted risks and it is straightforward 

to compare predictions when one or more inputs are altered. Forests and logistic regression both have 

the primary threat of confounding by an unmeasured variable, and logistic regression performs better 

in a causal framework, while randomForest can perform better when the aim is prediction. In our data, 

forests are especially useful as pack-years and presumably smoking intensity as a continuous variable 

is not necessarily linearly related to lung function.11  

We chose randomForest®  a priori for this study given the complexity of interactions within TAHS data, 

although we also explored two other methods previously used in risk prediction modelling.12 Both 

alternative modelling methods required the model to be trained on 80% of the data and then tested 

on the separate 20% that was withheld. Both were internally validated in the same cross validation 

scheme used by the randomForest model/s. 

For models derived using Lasso (penalised) regression, the LASSO penalty was applied to a logistic 

regression using the glmnet library in R.13  This structure drives coefficients that show no association 

to zero, so unlike stepwise regression, eliminates variables without the arbitrary choice of threshold 

such as p values. For the deep neural net (DNN) built based on three hidden layers using the keras 

library in R,14 the model was tuned by adjusting the number of nodes at each layer, the activation 

function, and number of epochs. The drop out and learning rates were also adjusted to minimize 

model over-fitting. Similar to the randomForest model, this was done using a cross-validation scheme 

with categorical cross entropy,15 as the loss function and a weighting scheme ensured a 1:1 balanced 

case control design.  

The model performance metrics are summarised by Table E2 from two different COPD risk-prediction 

models: the prototype model which used the same risk predictors of the final model except that all 
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current smokers at baseline were included in the same category regardless of their 10-year smoking 

status; and the final model which partitioned current smokers at baseline into quitters and continuing 

smokers at the time of spirometry testing. While the AUCROC was similar to that obtained via 

randomForest, the optimized sensitivity was lower when using these alternative methodologies, 

thereby providing some justification for our use of randomForest. 

 

Table E2. Other statistical methods compared with randomForest® 

Internal model 

validation  

 

Diagnostic metrics (SE) ‡ Folds/ 

Reps AUCROC (Cut-off)* Sens Spec NPV PPV 

Prototype model † 

(n/N = 107/2338)   
·· ·· ·· ·· ·· ·· ·· 

 randomForest § 

 

0·781 

(0·004) 
0·50 

0·808 

(0·011) 

0·620 

(0·005) 

0·986 

(0·001) 

0·102 

(0·001) 
5/ 25 

Lasso (penalized) 

regression 

0·760 

(0·012) 

0·047 
0·651 

(0·026) 

0·768 

(0·004) 

0·979 

(0·002) 

0·119 

(0·004) 
5/ 25 

0·50 
0·023 

(0·009) 

0·996 

(0·001) 

0·955 

(0·001) 
n/a 

Final model † 

(n/N = 106/2320)   
·· ·· ·· ·· ·· ·· ·· 

 

randomForest §         
0·808 

(0·004) 

0·480 
0·803 

(0·013) 

0·691 

(0·002) 

0·987 

(0·001) 

0·111 

(0·004) 
5/ 25 

0·50 
0·779 

(0·017) 

0·713 

(0·004) 

0·985 

(0·001) 

0·115 

(0·002) 

Lasso (penalized) 

regression 

0·802 

(0·007) 

0·041 
0·748 

(0·015) 

0·734 

(0·006) 

0·984 

(0·001) 

0·119 

(0·004) 
5/ 25 

0·50 
0·005 

(0·006) 

0·999 

(0·001) 

0·954 

(0·001) 

0·143 

(0·192 ǁ 

Deep neural net § 

                       

0·791 

(0·008) 

0·477 
0·748 

(0·035) 

0·705 

(0·026) 

0·983 

(0·002) 

0·110 

(0·006) 
5/ 25 

0·50 
0·724 

(0·029) 

0·731 

(0·018) 

0·982 

(0·002) 

0·116 

(0·006) 

Abbreviations: AUCROC, area under the receiver operator characteristic curve; BD, bronchodilator; n, number of COPD cases; N, 

total number; NPV, negative predictive values; PPV, positive predictive value; Reps, replications; SE, standard error; sens, 

sensitivity; spec, specificity. 

† Prototype model includes current smokers at mean age 43 regardless of future smoking status (versus final model in main text 

which partitions current smokers at mean age 43 into quitters and continuing smokers at mean age 53) 

‡ SE = standard deviations from the mean (equivalent to standard error) 

§ Using 1:1 case: control balancing 16, 17 

ǁ Markedly skewed PPV: majority of results were 0 (median = 0) with a few occurrences of one out of 2 or 2 out of 3 correctly 

predicted 

* Based on >50% predicted probably for a positive case or optimized cut-off as per the Youden index 18 
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E4b. Imputing missing data 

When the COPD outcome of post-BD-AO was missing, the corresponding patient data were excluded 

from the analysis. Of 2,409 participants with outcome data in the development TAHS cohort, 3.8% 

(n=89) had at least one predictor variable missing – the numbers of participants with each of the 

predictors missing have been specified in the footnotes of Table 1 in the main text.  It was not 

unexpected that participants had greater difficulty recalling the year they started smoking as middle-

aged adults (n=18), duration (n=33) and the number of cigarettes if they were cutting down smoking 

(n=20), with both factors combining to  impact their reporting of pack-year smoking history (n=60).  

To address this missingness in the non-outcome data for the development TAHS cohort, the primary 

prediction model was also derived using MissForest.19 In total, 187 of a possible 36135 (15*2409) = 

0.52% clinical data items were imputed. This single imputation process that is integral with the 

randomForest software assumes that missing data occurred at random and was tuned based on a grid 

search. The most accurate imputation was assessed using normalised root mean square error for 

numerical variables and percentage misclassified for categorical variables.  

 

E4c. A classification tree within the forest 

For the primary model using post-BD airflow obstruction as the binary outcome, classification trees 

with randomForest methodology were used.20 This supervised machine algorithm grows many 

classification trees trained on only a subset of the available information, and an ensemble model is 

built through a procedure called bagging to avoid overfitting of the data. An example of a single 

classification tree (of thousands) is presented and explained below (Figure E1):  
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Figure E2: Example of a single classification tree  

In this example of a classification tree, the first variable (root) is split into nodes (e.g. <12 or ≥12 cigarettes per 

day) and further variables are chosen to partition the data until the tree reaches terminal nodes that contain no 

fewer than the pre-selected minimum number of participants. The branches consist of a series of binary 

decisions (yes or no) based on variable values which are selected to maximally reduce the Gini impurity index, 

that is, the probability of a participant being incorrectly classified within a node. All ‘yes’ decisions branch to the 

left and all ‘no’ decisions branch to the right until the terminal node is reached. For multi-level categorical 

variables, nodes that have been split can contain more than one of the original categories and so can be split 

further down the tree (e.g. occupational class was split at the 2nd level  and further at level 5 on the left  branch 

and level 7 on the right branch). Early ‘splitting’ or stratification at a lower mean minimal depth signifies more 

important interactions as seen in Figure E4. The nodes are shades of red if most participants have post-BD airflow 

obstruction (COPD) and are shades of green if most participants do not, with the intensity of colour 

corresponding to the proportions with or without COPD. Note that the forest contains an ensemble of thousands 

of different classification trees from which an average prediction is taken which reduces bias and variance.  

 

E4d. Constructing the models and using cross-validation for internal validation 

As the prevalence of post-BD airflow obstruction was only around 5% when participants were aged 

53, equal numbers of cases and controls were included in each classification tree in a randomised 

balanced 1:1 design.16, 17 The parameters of sample size, number of variables per tree and number of 

trees were optimally tuned, and the predicted probabilities and confidence intervals (CI) were 

obtained using an internal cross-validation scheme that used 80% of the data to develop the training 

algorithm and withheld 20% to assess the performance of the models. This internal validation process 

was repeated 25 times.  

The randomForest model has default settings for model parameters.20 These include, the number of 

trees, the number of variables to randomly select for each tree and the number of observations to be 

used for each tree including the balance of cases and controls for a classification model. These settings 

can be varied or tuned so to optimize the performance of the model where optimization is assessed 

on metrics that are relevant to the purpose of the model. For classification models such as ours, 

randomForest automatically produces a confusion matrix based on the “out of bag” predictive 
performance of the model which indicates that prediction was based on the observations in the data 

not used to build a tree in the randomForest.  

The adopted cross-validation (CV) scheme consisted of randomizing the total number of observations 

into 5 non-overlapping equal or near equal subsets, or folds. The model was built, or trained, on these 

four randomly selected subsets and tested on the fifth which was withheld during this process. This 

was repeated for each of the 5 folds and the mean calculated from the 5 results for each metric. This 

process was replicated 25 times (i.e. there were 25 sets of 5 folds each) and the mean of the 25 results 

was calculated along with its standard deviation.  The model/s were primarily assessed on the 

following metrics and their standard errors - sensitivity, specificity, positive predictive value (PPV), 

negative predictive value (NPV) and area under the ROC curve (AUCROC) but also included the kappa 

coefficient and Gerrity score. Among all these, we were ultimately guided by area under the ROC 

curve. Evaluation of model performance based on data not used to develop is more ‘pessimistic’ than 
an evaluation based on data that built it as it avoids overfitting of the data. As only 80% of data is used 

during the ‘training’ phase, estimated performance may be biased downwards and the evaluation 
underestimates performance (i.e. is ‘pessimistic’). All modelling was initially based on complete cases. 
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Within this cross-validation (CV) scheme, the model/s were tuned using three variables: the number 

of trees (ntree) set at 700, 1000, 1500, 2000 and 3000; the number of variables (mtry) from 3 to 14; 

and samples sizes (ss) of 10, 15, 20, 25, 30, 35, 40 45 and 50 (although models were initially explored 

using from ntree 50, mtry 1 and ss 20, data not shown). A sample size of 45, for example, indicates 

that 45 cases and 45 non-cases were randomly chosen to build a tree. Balancing the number of cases 

and controls is a way of correcting a model from being biased towards the non-cases and hence have 

a tendency for low sensitivity 16. As a result, the cross-validation consisted of 540 distinct combinations 

of tuning parameters or grid points. For each grid point, the 7 metrics and their standard deviations 

were graphically assessed and the combination of tuning parameters that maximized sensitivity and 

NPV in conjunction with AUCROC, were chosen to be used for our predictive model, provided their 

standard errors were relatively low compared with other grid points.  

The following matrix plot displays the bivariate relationships between tuning parameters (Figure E2).  

 

Figure E3. Matrix plot displaying bivariate relationships between the adopted tuning parameters. 

 

 

E4e. One-stage process sufficiently defined the post-BD AO outcome 

In comparison to this first model that used the categorical post-BD classification tree as a one-stage 

process, there was no benefit in training the dataset using the continuous outcome which was then 

dichotomized in a two-stage process (AUCROC = 80% for both). This suggested the possibility of a 

threshold effect for post-BD airflow obstruction at a similar level to the one-stage categorical outcome 

defined by the lower limit of normal at the 5th percentile (LLN-5), and so the original model was used. 
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E4f. Optimal cut-off for categorical model 

An arbitrary threshold of 0·5 based on the 1:1 subsampling was initially nominated to predict our 

COPD outcome. The preferred models found with the model tuning process were subjected to a ROC 

analysis to determine an optimal probability threshold that maximised sensitivity. This optimal 

threshold was determined either by the Youden index 18 or the point on the ROC closest to the point 

where sensitivity is 1 and specificity is 1, whichever gave the highest sensitivity if sensitivity was 

increased. Using this probability cut-off, the diagnostic metrics of this “optimized model” were 
redetermined using randomForest in a cross-validation scheme. 

 

E4g. Individualized predictions 

Due to the 1:1 case control design, recalibration was required to convert predicted probabilities to 

reflect the scale of the original data distribution. Model risk-predictions were recalibrated using the 

Platt scaling method which essentially converts the model risk estimations into logits to recover the 

precise probabilities via regression methods,21 and checked using the Hosmer-Lemeshow calibration 

test.22  Example given: 

 

Figure E4. Hosmer-Lemeshow test for the main prediction model without imputation (p=0.13) 

 

E4h. External validation 

After model development to predict the risk for all TAHS participants using their baseline data, the 

AUCROC and other metrics were calculated for the two ECRHS datasets, restricted and extended, by 

comparing predicted risk with observed outcome.  These risk outcome pairs were bootstrapped with 

50 replications to obtain a mean for each of the metrics to account for model structure variation. This 

was repeated 50 times to obtain an overall mean and its standard error replications for each of the 

metrics to account for stochastic variation and so to summarize total uncertainty. 23 This process was 

done separately for the nominated threshold of >0.50 probability for a positive ‘COPD case’ and the 
optimal Youden index (except it was not needed for AUCROC which is unaffected). 

The performance metrics for the external validation of the COPD risk-prediction model, with and 

without imputation of the development TAHS dataset are presented in Table E3. 
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Table E3. External validation of the COPD risk-prediction model 

  

External validation in 

ECRHS data   

Diagnostic metrics (SE) ‡ HL ꭓ2 

p-

value 
AUCROC (Cut-off)* Sens Spec NPV PPV 

Equivalent age range 

to TAHS § 
·· 

·· 
·· ·· ·· ·· 

·· 

 

Complete case 

model 

0.746 

(0.006) 

0.483 
0.745 

(0.010) 

0.668 

(0.003) 

0.972 

(0.001) 

0.148 

(0.005) 
0·95 

0.50 
0.666 

(0.011) 

0.686 

(0.003) 

0.964 

(0.001) 

0.141 

(0.005) 

Imputed data model 
0.750 

(0.006) 

0.455 
0.745 

(0.010) 

0.666 

(0.003) 

0.971 

(0.001) 

0.147 

(0.005) 
0·95 

0.50 
0.641 

(0.011) 

0.713 

(0.003) 

0.963 

(0.001) 

0.147 

(0.005) 

Extended age range ǁ ·· ·· ·· ·· ·· ·· ·· 

 

Complete case 

model 

0·756 

(0.001) 

0.483 
0.769 

(0.003) 

0.659 

(0.001) 

0.975 

(0.001) 

0.140 

(0.001) 
0·69 

0.50 
0·737 

(0.003) 

0·677 

(0.001) 

0·973 

(0.001) 

0·142 

(0.001) 

Imputed data model 
0·763 

(0.003) 

0.509 
0.716 

(0.006) 

0.722 

(0.002) 

0.972 

(0.001) 

0.157 

(0.003) 
0.81 

0.50 
0.726 

(0.006) 

0·708 

(0.002) 

0·973 

(0.001) 

0·152 

(0.003) 

Abbreviations: AUCROC, area under the receiver operator characteristic curve; ECRHS, European Community Respiratory Health 

Survey; HL, Hosmer-Lemeshow; n, number of COPD cases; N, total number; NPV, negative predictive values; PPV, positive 

predictive value; SE, standard error; sens, sensitivity; spec, specificity; TAHS, Tasmanian Longitudinal Health Study.  

‡ SE = standard deviations from the mean (equivalent to standard error) 
* Based on >50% predicted probably for a positive case or optimized cut-off as per the Youden index  

§ Data from ECRHS II (age 40-44) and ECRHS III (age 50-55) (n/N = 39/548 participants) 

ǁ Data from ECRHS II (age 40-49) and ECRHS III (age 50-59) (n/N = 95/1407 participants) 

 

 

  

BMJ Publishing Group Limited (BMJ) disclaims all liability and responsibility arising from any reliance
Supplemental material placed on this supplemental material which has been supplied by the author(s) BMJ Open Resp Res

 doi: 10.1136/bmjresp-2021-001138:e001138. 8 2021;BMJ Open Resp Res, et al. Perret JL



16 

 

RESULTS E1.  

Table E4. Descriptive comparisons between the development and validation cohorts in middle-age  

See results in main text 

 

Clinical feature 

(includes 15 predictors) 

COPD risk-prediction [n (%)] † 

Development cohort 

 (TAHS, N=2409) † 

Validation cohort 

 (ECRHS, N=1407) ‡  
Sex [% male] 1176 (49) 694 (49) 

Age [mean years (SD)] ‡ ·· ·· 

 Baseline at age 40s 42·8 (0·6) 43·8 (2·5) 

 Spirometry outcome at age 50s 52·7 (0·8) 55·2 (2·5) 

Spirometry outcome at age 50s [n(%) 

or mean (SD)]  

·· ·· 

 Post-BD airflow obstruction § 108 (4·5) 95 (6·7) 

 Post-BD FEV1 (L) 3·30 (0·7) 3.06 (0·7) 

 Post-BD FVC (L) 4·17 (0·9) 3·95 (0·9) 

 Post-BD FEV1/FVC (ratio) 0·79 (0·06) 0·78 (0·07) 

 Post-BD FEV1/FVC (z-score) 0·03 (0·9) –0·18 (0·9) 

Symptoms at age 40s [N(%)] † ·· ·· 

 Current wheezing 389 (16) 250 (18) 

 Chronic cough 183 (7·6) 109 (7·7) 

 Chronic phlegm in the chest 151 (6·3) 93 (6·6) 

 Breathlessness ·· ·· 

  MRC-1 (none) 2167 (90) 1156 (82) 

  MRC-2 162 (6·7) 198 (14) 

  MRC-3/4  76 (3·2) 58 (4·1) 

 Current chest tightness 385 (16) 229 (16) 

Smoking [n(%); mean (SD); median 

(IQR); range ǁ] 
·· ·· 

 Non-smoker at age 40s 1126 (47) 591 (42) 

 Past smoker at age 40s 752 (31) 436 (31) 

  Pack-years 6·3 (1·5, 15·8) 10·0 (4·0, 20·1) 

 Current smoker at age 40s 526 (22) 385 (27) 

  Cigarettes per day 14·5 (10) 12·1 (10) 

  Duration in years 26·1 (5·5) 26·2 (5·0) 

  Age of onset in years 16·3 (4·5) 17·4 (4·5) 

  Pack-years 19·1 (7·8, 28·0) 22·8 (11·5, 31·5) 

 Current smoker at age 50s 350 (15) 270 (19) 

 Quit smoking by age 50s 252 (11) 154 (11) 
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Asthma at age 40s [N(%)] † ·· ·· 

 No asthma (or current wheezing) 1529 (64) 990 (70) 

 Remitted asthma 421 (18) 92 (6·5) 

 Current wheezy breathing 147 (6·1) 188 (13) 

 Current asthma, early onset 107 (4·5) 45 (3·2) 

 Current asthma, adult onset 202 (8·4) 97 (6·9) 

Employment at age 40s † ·· ·· 

 Legislators/managers 275 (11) 131 (9·3) 

 Professionals 502 (21) 266 (19) 

 Technicians-associates 285 (12) 212 (15) 

 Trade and related workers 300 (12) 114 (8·1) 

 Clerks, services  570 (24) 261 (18) 

 Machine operators 145 (6·0) 50 (3·5) 

 Labourers and related workers 167 (6·9) 66 (4·7) 

 House persons, other 154 (6·4) 79 (6·6) 

 Employed (unspecified) ǁ 6 (0·3) 220 (16) †† 

 Non-work other 5 (0·2) 15 (1·1) 

Abbreviations: BD, bronchodilator; ECRHS, European Community Respiratory Health Survey; FEV1, forced 

expiratory volume in one second; FVC, forced vital capacity; IQR, interquartile range; L, litres; LLN, lower limit of 

normal; MRC, Medical Research Council breathlessness scale; post-BD, post-bronchodilator; SD, standard 

deviation; TAHS, Tasmanian Longitudinal Health Study 

† Missing data of ≥1 of 15 predictors in 3.8% of 2409 participants (n=89). Individual non-outcome missingness: 

sex (0), respiratory symptoms: wheezing (6), cough (10), sputum (7), breathlessness (6), chest tightness (7);  

smoking: status (0), intensity (20), duration (33), age-onset (18), pack-years (60); asthma: status (5); age-onset 

(8); and occupation (2) 

‡ ECRHS participants included in the extended validation process 

§ Post-BD airflow obstruction defined by post-BD FEV1/FVC < 5th percentile (z–score < –1.645) 

ǁ Ranges for continuous predictors: intensity 0–60; duration 0–37; age-of-onset 6–41; pack-years 0–108 (ever-

smokers) 

†† Self-reported but unspecified employment was higher for ECRHS, as the ECRHS variable was created using 

current job in the work history calendar with some missing (Methods E1 and E2) 
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RESULTS E2. Missingness and imputing missing values using R (15 predictors) 

 

Table E5. Baseline questionnaire data obtained at age forties between those with or without 

missingness in the development and validation cohorts 

 

 

Clinical characteristics 

[mean (SD) or N (%)] *    

Participants with predictor data aged in their 40s 

Development cohort (TAHS, 

N=5714) † 

Validation cohort (ECRHS II, 

N=2120) 

Complete ‡ 
(n=2320) 

Incomplete 

(n=3394) 
 

Complete 

(n=1407) 

Incomplete 

(n=713) 
 

Sex [% male] 1146 (49) 1799 (53)  694 (49) 341 (48)  

Age [mean years (SD)] ‡ ·· ··  ·· ··  

 Questionnaire 42·6 (0·5) 42·7 (0·6)  43·8 (2·5) 44·0 (2·6)  

Spirometry outcome 52·7 (0·8) 53·7 (0·9)  55·2 (2·5) 54·9 (2·6)  

Symptoms at age 40s [N(%)] ·· ··  ·· ··  

 Current wheezing 379 (16) 605 (18)  250 (18) 106 (15)  

Chronic cough  183 (8) 315 (9)  109 (8) 55 (8)  

Chronic sputum 146 (6) 250 (7)  93 (7) 59 (9)  

Breathlessness ·· ··  ·· ··  

 MRC-1 (none) 2104 (90) 2872 (85)  1156 (82) 437 (85)  

MRC-2 161 (7) 275 (8)  198 (14) 57 (11)  

MRC-3/4  77 (3) 217 (7)  58 (4) 19 (3)  

Chest tightness 380 (16) 579 (17)  229 (16) 116 (16)  

Smoking details at age 40s 

[N(%) or (mean (SD)] 
·· ··  ·· ··  

 Never smoker 1116 (48) 1147 (34)  591 (42) 243 (34)  

Past smoker 722 (31) 998 (30)  436 (31) 235 (33)  

 Pack-years 10·8 (12) 8·57 (12)  14·5 (16) 13·5 (13)  

Current at age 40s 504 (22) 1211 (36)  385 (27) 229 (32)  

 Cigs per day 14·7 (10) 17·0 (10)  14·7 (11) 13·8 (11)  

Duration 26·1 (6) 26·6 (5)  26·2 (5) 27·0 (4)  

Age of onset 16·2 (5) 16·3 (4)  17·4 (5) 17·2 (4)  

Pack-years 20·0 (15) 23·3 (15)  24·4 (17) 24·1 (16)  

Current at age 50s 343 (15) 207 (22)  270 (19) 167 (24)  

Quit by age 50s 237 (15) 124 (13)  154 (11) 86 (12)  

Asthma at age 40s [N(%)] ·· ··  ·· ··  

 No asthma or wheezy 

breathing 
1493 (64) 2116 (63)  990 (70) 498 (70)  

Wheezy breathing only 146 (6) 270 (8)  188 (13) 109 (15)  

Self-reported asthma ·· ··  ·· ··  
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 Remitted 404 (17) 530 (16)  92 (7) 52 (7)  

Active, early onset 103 (4) 158 (5)  45 (3) 16 (2)  

Active, late onset 196 (8) 292 (9)  97 (7) 33 (5)  

Employment at age 40s ·· ··  ·· ··  

 Legislators managers 269 (11) 317 (9)  131 (9) 55 (9)  

Professionals 485 (21) 438 (13)  266 (19) 118 (18)  

Technicians-associates 276 (12) 331 (10)  212 (15) 111 (17)  

Trade workers 292 (12) 419 (12)  114 (8) 44 (7)  

Clerks, services 558 (24) 780 (23)  259 (18) 114 (18)  

Machine operators 139 (6) 301 (9)  50 (4) 32 (5)  

Labourers, cleaners 162 (7) 449 (13)  66 (5) 21 (3)  

House persons, other 149 (6) 301 (9)  79 (6) 31 (5)  

Employed (unspecified) 6 (0.3) 9 (0.3)  220 (16) 106 (17)  

Non-work other 6 (0·3) 27 (1)  15 (1) 8 (1)  

Abbreviations: BD, bronchodilator; ECRHS, European Community Respiratory Health Survey; FEV1, forced expiratory volume in one 

second; FVC, forced vital capacity; L, litres; LLN, lower limit of normal; MRC, Medical Research Council; post-BD, post-bronchodilator; 

SD, standard deviation; TAHS, Tasmanian Longitudinal Health Study 

† TAHS participants with self-reported COPD/emphysema at baseline have been excluded from total n=5729 (n=15) 

‡ Incomplete data includes n=87 participants who had missing data to ≥1 predictor but these data were imputed in the final model  

 

 

Not unexpectedly, less participation was seen for individuals who currently smoked in their forties and 

continued to smoke into their fifties across both cohorts. In the TAHS cohort, a greater percentage of 

labourers and participants with MRC 3/4 breathlessness were studied.  There were no appreciable 

differences in spirometry between complete cases and those with missing data. 

The modest attrition of current smokers might still have underestimated the COPD prevalence and 

positive predictive value. 

 

  

BMJ Publishing Group Limited (BMJ) disclaims all liability and responsibility arising from any reliance
Supplemental material placed on this supplemental material which has been supplied by the author(s) BMJ Open Resp Res

 doi: 10.1136/bmjresp-2021-001138:e001138. 8 2021;BMJ Open Resp Res, et al. Perret JL



20 

 

Table E6. Outcome lung function data for participants with complete and incomplete baseline 

questionnaire data in the development and validation cohorts  

 

 

Spirometry at age 

fifties [mean (SD)]    

Participants complete/ incomplete baseline data at age forties 

Development cohort (TAHS, N=2409) 

† 

Validation cohort (ECRHS, N=2120) 

‡ 

Complete 

(n=2320) 

Incomplete 

(n=89) 
 

Complete 

(n=1407) 

Incomplete 

(n=340) 

 

Spirometry measure ·· ··  ·· ··  

 

Post-BD FEV1 (L) 3·30 (0·7) 3·29 (0·6)  3·06 (0·7) 3.20 (0·8)  

Post-BD FVC (L) 4·17 (0·9) 4·13 (0·8)  3·95 (0·9) 4.08 (0·9)  

Post-BD 

FEV1/FVC ratio 
0·79 (0·06) 0·80 (0·06)  0·78 (0·07) 0·78 (0·06)  

 z-score (SD) +0·03 (0·9) +0·12 (0·9)  –0·18 (0·9) –0·05 (0·9)  

Post-BD airflow 

obstruction 

(<LLN) 

106 (4·6) 2 (2·4)  95 (6·7) 0 (0)  

Abbreviations: BD, bronchodilator; ECRHS, European Community Respiratory Health Survey; FEV1, forced expiratory volume in one 

second; FVC, forced vital capacity; L, litres; LLN, lower limit of normal; post-BD, post-bronchodilator; SD, standard deviation; TAHS, 

Tasmanian Longitudinal Health Study 

† Of TAHS participants, n=191 underwent lung function testing but did not complete the 2004 postal survey   

‡ Of ECRHS participants, n=373 completed the ECRHS II survey but did not undergo lung function testing in ECRHS III 
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RESULTS E3. 

Table E7. Hypothetical examples of individualized predictions for 43-year-old current smoker in a 

higher-risk occupation, varied by smoking intensity and duration  

Characteristics of a current 
smoker at age 43 † 

Predicted 
probability (%) 

Predicted 
occurrence  

 (1/n persons) 

Risk category 

 (age in 40s) ǁ 

Vary by current smoking intensity 

if starting age 18 (pack-years (py)) 

·· ·· ·· 

 5 cigs/day 6·25 py 3·9 25·4 Low 

 10 12·5 6·1 16·3 Moderate 

 15 18·25 9·8 10·2 Moderate 

 20 ‡ 25 ‡ 16·2 6·2 High 

 30 37·25 15·4 6·5 High 

 40 50 13·7 7·3 High 

Vary by age of smoking onset  

(fixed at 20 cigarettes daily) 

·· ·· ·· 

 Age 33 = 10 years duration 4·9 20·6 Low 

 Age 28 = 15 years duration 6·1 16·3 Moderate 

 Age 23 = 20 years duration 7·9 12·7 Moderate 

 Age 18 = 25 years duration ‡ 16·2 6·2 High 

 Age 13 = 30 years duration †† 26·7 3·7 Very High 

Vary by respiratory symptom 

(20 cigarettes/day since age 18) 

·· ·· ·· 

 No symptoms ‡ 16·2 6·2 High 

 Breathlessness on exertion ·· ·· ·· 

  MRC-2 17·5 5·7 High 

  MRC-3/4 17·2 5·8 High 

 Wheeze, no asthma history § 19·2 5·2 High 

 Chronic dry cough 18·4 5·4 High 

 Chronic phlegm 16·6 6·0 High 

 Chronic productive cough 19·0 5·3 High 

 Chest tightness 16·5 6·1 High 

† Default characteristics: 43-year-old male tradesperson or related worker and continued smoker without respiratory 
symptoms or self-reported history of asthma unless specified 

‡ Identical smoking scenario for comparison 

§ As distinct from current wheeze in the presence of a known history of asthma (described in Table 3 main text) 

ǁ Risk categories: minimal risk if predicted occurrence of 1 in >100 similar persons; low risk if 1 in 20–100 persons; 
moderate risk if 1 in 10–20 persons; high risk if 1 in 5–10 persons; very high risk if 1 in 1·5–5 persons 

†† Same smoking scenario as presented in Table 3 (30 pack-years of smoking) 
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Table E8. Hypothetical examples of individualized predictions for a 43-year-old ex-smoker in a 

higher-risk occupation, varied by years since quit date and presence of symptoms  

Clinical characteristic in an at-
risk ex-smoker at age 43 years 

Predicted 
probability (%) 

Predicted 
occurrence 

 (1/n persons) 

Risk category 

 (age in 40s) ǁ 

Vary by years since quit date † 

(mean quit age | pack-years (py)) 

·· ·· ·· 

 25 years (age 18) 5 py 1·8 56·1 Low 

 20 years (age 23) 10 py 1·9 53·7 Low 

 15 years (age 28) 15 py 2·1 48·7 Low 

 10 years (age 33) 20 py 2·5 39·9 Low 

 5 years (age 38) ‡ 25 py 4·0 24·9 Low 

 2 years (age 41) 28 py 5·2 19·1 Moderate 

 1 year (age 42) 29 py 5·7 17·4 Moderate 

Vary by respiratory symptom 

(25 pack-years, quit 5 years ago) 

·· ·· ·· 

 No symptoms ‡ 4·0 24·9 Low 

 Breathlessness on exertion ·· ·· ·· 

  MRC-2 4·7 21·3 Low 

  MRC-3/4 4·8 21·0 Low 

 Wheeze, no asthma history § 5·4 18·6 Moderate 

 Chronic dry cough 4·8 20·9 Low 

 Chronic phlegm 4·4 22·9 Low 

 Chronic productive cough 5·2 19·3 Moderate 

 Chest tightness 4·4 22·6 Low 

† Default characteristics: 43-year-old tradesman and sustained quitter without symptoms and a variable total pack-
year smoking history (based on 20 cigs/day since age 13 years) 

‡ Identical clinical scenario for comparison 

§ As distinct from current wheeze in the presence of a known history of asthma (described in Table 3) 

ǁ Risk categories: minimal risk if predicted occurrence of 1 in >100 similar persons; low risk of 1 in 20–100 persons; 
moderate risk of 1 in 10–20 persons; high risk of 1 in 5–10 persons; and very high risk of 1 in 1·5–5 persons 
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Table E9. Individualized predictions for a 43-year-old high-risk individual based on active smoking 

and asthma, by occupational class † 

 

Self-reported employment group ‡ 

Predicted 

probability 

(%) 

Predicted 

occurrence 

(1/n persons) 

Relative probability to 

nominated 

occupational group 

Manager, administrator (e.g. magistrate, 

general manager, school principal, director 

of nursing) 

35·3 2·8 1·31 0·83 

Professional (e.g. scientist, nurse, allied 

health professional, teacher, artist) 26·9 3·7 Ref 0·63 

Associate professional (e.g. technician, 

manager, police officer, small business 

owner) 

36·1 2·8 1·34 0·85 

Tradesperson or related worker (e.g. 

hairdresser, gardener, florist) 
34·9 2·9 1·30 0·82 

Advanced clerical or service worker (e.g. 

secretary, flight attendant, law clerk, 

personal assistant) 

32·9 3·0 1·22 0·77 

Intermediate clerical, sales, service worker 

(e.g. administrative worker, childcare 

worker, nursing assistant, hospitality 

worker) 

39·8 2·5 1·48 0·94 

Intermediate production or transport (e.g. 

machine operator, bus driver, sewing 

machinist) 

37·5 2·7 1·39 0·88 

Elementary clerical, sales, service worker 

(e.g. filing/mail clerk, parking inspector, 

sales assistant, housekeeper) 

38·6 2·6 1·43 0·91 

Labourer or related worker (e.g. cleaner, 

factory worker, farm hand, kitchen hand) 
42·5 § 2·4 1·58 Ref 

House persons 42·2 2·4 1·57 0·99 

Employed (category not specified) 53·2 1·9 1·98 1·25 

Non-work (e.g. current study, unemployed 

for health, family, or other reason) 
52·4 1·9 1·95 1·23 

Abbreviations: n, number; ref, reference 

† Illustrative example of a male participant with a 30 pack-year smoking history and symptomatic asthma of adult onset  

‡ Occupations based on the Australian Standard Classification of Occupations (ASCO) 1, and harmonized with the International 

standard classification of occupations (ISCO) 1-digit codes 2 

§ Same scenario as Table 3 in the main text (labelled with Δ), except the predicted probability is 42·0 for a female worker 

 

A two-fold variation in the predicted probabilities for post-BD-AO when aged fifties was observed 

across the spectrum of occupations for hypothetical males with active asthma and substantial smoking 

histories, regardless of occupation (all at very high COPD-risk, range 26·9–42·5%, Table E7). The sex-

differential was small [42·5% male (§) versus 42·0% female (Δ), Tables E7 and 5 respectively]. 
Compared with labourers, cleaners and other related workers, the risk-estimate  was 1·58-fold lower 
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for professionals such as teachers and nurses (42·5% compared with 26·9%) independently of 

smoking, and 1.22-fold lower if working in a trade or related profession such as hairdressing or 

gardening (42·5% compared with 34·9%). 

 

Table E10. Individualized predictions for a 43-year-old a lower-risk individual, by occupational class 

† 

 

Self-reported employment group ‡ 

Predicted 

probability 

(%) 

Predicted 

occurrence 

(1/n persons) 

Relative probability to 

nominated 

occupational group 

Manager, administrator (e.g. magistrate, 

general manager, school principal, director 

of nursing) 

1·46 68·4 1·30 0·58 

Professional (e.g. scientist, nurse, allied 

health professional, teacher, artist) 
1·12 89·0 Ref 0·45 

Associate professional (e.g. technician, 

manager, police officer, small business 

owner) 

1·73 57·7 1·54 0·69 

Tradesperson or related worker (e.g 

hairdresser, gardener, florist) 
1·60 62·5 1·43 0·64 

Advanced clerical or service worker (e.g. 

secretary, flight attendant, law clerk, 

personal assistant) 

1·51 66·0 1·35 0·60 

Intermediate clerical, sales, service worker 

(e.g. administrative worker, childcare 

worker, nursing assistant, hospitality 

worker) 

1·74 57·5 1·55 0·70 

Intermediate production or transport (e.g. 

machine operator, bus driver, sewing 

machinist) 

1·97 50·8 1·75 0·79 

Elementary clerical, sales, service worker 

(e.g. filing/mail clerk, parking inspector, 

sales assistant, housekeeper) 

2·47 40·5 2·21 0·99 

Labourer or related worker (e.g. cleaner, 

factory worker, farm hand, kitchen hand) 
2·50 39·9 2·23 Ref 

House persons 2·03 49·2 1·81 0·81 

Employed (category not specified) 3·67 27·2 3·28 1·47 

Non-work (e.g. current study, unemployed 

for health, family, or other reason) 
3·70 27·0 3·30 1·48 

Abbreviations: ref, reference 

† Illustrative example of a male ex-smoker with a 20 pack-year history between ages 13 and 33, who quit 20 years prior to testing  

‡ Occupations based on the Australian Standard Classification of Occupations (ASCO) 1, and harmonized with the International 

standard classification of occupations (ISCO) 1-digit codes 2 
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RESULTS E4. Descriptive statistics using randomForest® 

 

 

 

Figure E5. Variable interactions according to mean of conditional minimal depth 

The 30 most frequent interactions have been represented as derived using the 

randomForestExplainer.24 The most frequent was between the effects of smoking duration and 

occupation on post-bronchodilator airflow obstruction. Of a total of 1203 occurrences, 636 had 

smoking duration as the root variable (2nd highest) and 567 with employment as the root variable 

(5th highest out of a possible 210 combinations). 

The next frequent was between the effects of packyears and occupation with 1196 occurrences in 

total (654 with packyears as the root variable = highest, and 542 with occupation as the root variable). 

See figure E6a for the multi-way importance plots of these variables. 
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Figure E6.  

Multi-way importance plot that derives the role a variable has played in prediction with regards to 

accuracy and the GINI impurity index.24  If a variable is significant (p<0.01), it means that the variable 

is used for splitting more often that would be the case if the selection was random. These predictors 

include occupation class, smoking duration and age-of-asthma and smoking onset. 
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Figure E7.  

Multi-way importance plot reflecting the three importance measures that derive from the structure 

of trees in the forest.24 

1. Mean depth of first split on the variable (“employment04_current” is the most important 
variable as the node in the classification tree at which it most commonly splits has the lowest 

mean minimal depth (i.e. early stratification by occupational class) 

2. Number of trees in which the root is split on the variable 

3. The total number of nodes in the first that split on that variable 

See Figure E5 which illustrates the 30 most frequent interactions documented by our COPD risk-

prediction model 

Position of predictors on this plot:  

1. Depends on the prevalence of respiratory symptoms, asthma, smoking and employment 

status of the TAHS population (which is likely to be inconsistent between populations) 

2. Is conditional on the presence of other variables in the model 

3. Does not inform on causal inference (a separate causal analysis would be necessary) 
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