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Lung function data preparation and quality control 4 

We prospectively took twice-daily (morning and evening) PEF and FEV1 measurements over a 5 
period of 4 weeks in school children (ntotal= 696). Due to compliance issues, and after exclusion 6 

of poor quality measurements, the number of participants considered was reduced to nHighQuality= 7 
604. 8 

Within the PASTURE/EFRAIM cohort, for each variable, PEF or FEV1, we separately applied 9 
our approach (outlined in Figure 2 in the main manuscript) to each “time slot”: morning, 10 
evening, and whole day values. Our forthcoming discussion should thus be understood within the 11 
data subset determined by the variable and the time slot under consideration. However, 12 

throughout the Results section in this supplement, as well as in the main manuscript, we will 13 
provide concrete results and numbers for the specific case of normalized morning values of 14 

FEV1. Within the BIOAIR cohort the analysis was only done with whole day measurements of 15 
FEV1. 16 

 17 

Initial cluster construction using the selected gold standard 18 

In order to establish a gold standard, we selected a subset of cohort participants (ngs= 252), who 19 
had high-quality (for the definition of high-quality see part 1.2 of the Methods below) 20 
measurements at or above the 60th percentile in the overall distribution of high-quality 21 

measurements. This subset of the most compliant participants was then used as the starting or 22 
“seed” dataset for clustering (see part 2.2 of the Methods below). Specifically, within this subset, 23 

we calculated the matrix of pairwise distances between all patients’ distributions of lung function 24 
measurements (see part 2.2 of the Methods below). Each row in the obtained matrix constitutes 25 

the lung function profile of each participant. We then constructed a dendrogram on the basis of 26 
hierarchical clustering of the lung function profiles and identified clusterings of varying 27 
multiplicity (from 2 to 6), depending on the height at which the dendrogram was cut. 28 

 29 

Data-driven inclusion of participants with missing data by means of cluster stability 30 
analysis  31 

In order to include participants with more missing values, we analyzed the stability of the 32 

clusters upon random removal of a given percentage of measurements (see part 2.3 of the 33 
Methods below). Firstly, a given percentage of measurements were randomly removed from each 34 
participant’s collection of measured values. Subsequently, the clustering procedure was repeated 35 
using the “perturbed” data, and the obtained clusters were compared to the original clusters 36 
generated using the unperturbed gold standard. This process was repeated iteratively in order to 37 
generate statistics describing the stability of the original clusters upon random data removal. 38 



These stability statistics are based on two metrics of cluster similarity: Jaccard’s index, a global 39 

similarity measure assessing the degree of overlap between the original and the perturbed cluster, 40 
and a local metric, namely, the reappearance frequency, among the iterations, of each member of 41 
the original clusters (see below for more details). In order to assess the effect of data removal, 42 

these statistics were obtained for different levels of data removal (percentages of measurements 43 
to be randomly removed). (Figure 1 and Figure 2 below). Results for all variables, time slots, and 44 
clustering multiplicities can be found in Figure S1 to Figure S6. 45 

Our global cluster stability measure is defined as the frequency among iterations, in which a 46 
cluster overlap of 75% or higher was achieved. The (local) stability score of individual cluster 47 

members is defined as the proportion of participants within the gold standard with a 48 
reappearance frequency of 60% or higher. Both measures were used in combination to establish 49 
tolerable levels of percental lack of data. To this end, we set a cut-off value of 60% for the global 50 

cluster stability measure, and one of 75% for the local measure of stability (Figure 2 below). 51 
These four percentages were arbitrarily set by the researcher. Our choice of values was rather 52 
conservative, to ensure highly stable clusters. 53 

 54 

 55 
Figure 1: Cluster stability as a function of percental data removal.  (a) Each horizontal panel corresponds to one of the clusters 56 
found within the gold standard. For a given value of percental data removal (horizontal axis), in 1,000 iterations we randomly 57 
removed measurements from each gold standard member’s collection of measured values. Then, we performed the clustering 58 
using the “perturbed” data and calculated the Jaccard’s index between the cluster obtained from the gold standard and the 59 
companion cluster generated upon data removal. Each boxplot shows the results over all the 1,000 iterations. (b) For each 60 
participant in the gold standard, we calculated the frequency over the 1,000 iterations with which they reappeared in the 61 
companion cluster of the cluster to which they originally belonged. For a given value of percental data removal (horizontal axis), 62 



the boxplot shows the distribution of frequencies in the entire gold standard population. The data underlying both panels are 63 
normalized morning FEV1 values (EFRAIM/PASTURE cohort). 64 

 65 

 66 
Figure 2: Cluster stability as a function of percental data removal and cut-offs set. (a) Each curve corresponds to one of the 67 
clusters found within the gold standard. Each curve displays the proportion of iterations (out of 1,000) in which a Jaccard’s 68 
index of 75% or higher was achieved as a function of percental data removal (horizontal axis). (b) The curve displays the 69 
proportion of participants within the gold standard with a reappearance frequency of 60% or higher as a function of percental 70 
data removal (horizontal axis). In both panels, the dotted horizontal line represents the set cut-off of 60% resp. of 75%. The 71 
intersections of the curves with the dotted line can be used to read off the tolerable levels of percental lack of data. The data 72 
underlying both panels are normalized morning FEV1 values (EFRAIM/PASTURE cohort). 73 

Final cluster construction using a data subset with tolerable levels of missing values 74 

Utilizing the cut-off values introduced above, we identified the level of tolerable percental lack 75 
of data for each variable, each time slot, and each clustering multiplicity (Table S1). Ensuring the 76 

stability of all four clusters enabled us to include participants in the analysis that had 20% of 77 
their values missing (Figure 2 above). In absolute numbers, this enabled us to work with ntolerable= 78 

359 participants, instead of ngs= 252, which was the size of the original gold standard. This 79 
corresponds to a gain of about 42%. 80 

As described in the Methods, within this expanded subset we calculated the lung function profile 81 
of each participant, and identified potentially suitable clusters using hierarchical clustering. The 82 
resulting dendrogram and heatmap representation of the data are depicted in Figure 4 in the main 83 

manuscript. Table 1 in the main manuscript displays descriptive statistics of the clusters found. 84 



Discussion of technical issues 85 

 86 

Limitations of the method 87 

Our method neglects the chronological order of the biomarker measurements. While this may be 88 
seen as a loss of information, and thus as a drawback, it opens up the possibility of a statistically 89 

sound handling of missing data, which would otherwise be much more difficult. Our approach is, 90 
however, only legitimate if, at least approximately, the assumption can be made that data are 91 
missing at random. This issue encompasses two important aspects: The chronological pattern of 92 
missing measurements, and the distribution of the actual values that were not measured. The 93 
former aspect is fully neglected in our methodology, given that our method ignores the time 94 

dimension. The latter, however, is critical to our method and not trivial to address, because the 95 
missing values are, by definition, not available. In order to statistically assess this matter, we 96 

used imputation to obtain approximate values for the missing measurements. Then we tested 97 
whether the collection of values that were not measured could be seen as a random sample taken 98 

from the empirical distribution of the actually measured values (this is the null hypothesis). For a 99 
given participant we used the Kolmogorov-Smirnov test to see whether this null hypothesis 100 

could be rejected. For instance, in the case of FEV1 morning values, in only 4.6% of the 101 
participants with incomplete datasets were we able to reject this hypothesis with a significance 102 
level of 0.05. For all other combinations of lung function variable (FEV1, PEF) and time slot 103 

(morning, evening, all day) the percentage of participants for which this hypothesis needed to be 104 
rejected was either in the same order of magnitude, or never exceeded 20%. In populations in 105 

which this assumption does not hold, our method may not be the proper tool of choice. For 106 
example, it is well-known that in a clinical setting socioeconomic status or disease severity may 107 

influence adherence. In such a scenario, missing measurements might paradoxically be an 108 
additional source of information. Nevertheless, such settings are beyond the scope of the present 109 

work. 110 

In a slightly different vein, the clustering stability requirements of our methodology may in some 111 
cases demand the usage of nearly complete individual data sets, leading to the exclusion of 112 

numerous participants. This constitutes the main limitation of the method. However, since the 113 
minimal number of necessary measurements for cluster stability can be calculated, the limitation 114 

can be accurately identified for each dataset. Consequently, the latter can also be considered a 115 
strength of our approach. 116 

 117 

Dealing with the incompleteness of datasets – resulting limitations 118 

The data in both cohorts are characterized by major differences in the pattern of missing values, 119 
and in the total length of the time series of lung function measurements. Analysis and treatment 120 

of the data taking into account the chronological order becomes difficult, if not unfeasible. 121 
Therefore, our methodology is mainly based on the distributional properties of each participant’s 122 
measurements (Figure 1B) and neglects the time dimension. 123 

An important aspect of our approach to dealing with missing data is determining “tolerable” 124 
levels of missing data. This is done in a data-driven manner by determining the stability of the 125 
clustering of the gold standard upon random data removal. What is considered “stable” is 126 
determined by the values of four threshold parameters. Our choices are admittedly arbitrary. 127 



However, the values we have chosen are rather conservative, in order to ensure highly stable 128 

clusters. 129 

The underlying assumption for this data-driven procedure is that the participants in the gold 130 
standard, as well as the participants with more missing data, have individual distributions of 131 

measurements belonging to a common, unknown, and not necessarily parametrizeable family of 132 
distributions. Indeed, as elucidated in Figure 3, assuming that the data originated from a single 133 
distribution and not from a family of distributions would fail to explain the actual complexity of 134 
the data in the EFRAIM/PASTURE cohort. This complexity of the data set puts us in a situation 135 
in which we lack the mathematical means for rigorously evaluating whether the participants in 136 

the gold standard group have distributions belonging to the same family as those with more 137 
missing data. Consequently, this remains a mathematically unverifiable assumption of our 138 
methodology. 139 

 140 
Figure 3: Panel A: Pairwise comparison using the Kolmogorow-Smirnow test of all the individual samples of lung function 141 
measurements (normalized morning FEV1 values) among the members of the ‘gold standard’ in the EFRAIM/PASTURE 142 
cohort. Color-coded are the p-values resulting from the tests for all possible pairs, resulting in a symmetric matrix. 74% of the 143 
possible pairs are statistically significantly different (p-value < 0.05) according to the Kolmogorow-Smirnow test. After 144 
Bonferroni-correcting these p-values for multiple testing, 31% remained statistically significantly different. For comparison, in 145 
Panel B, the same analysis was conducted using artificial data sets that were sampled from the normal distribution. The 146 
individual sample sizes were randomly chosen from the actual distribution of sample sizes in the ‘gold standard’. The marked 147 
differences between the two provide evidence supporting the idea that the individual cohort participants are heterogeneous 148 
and different with respect to their lung function to an extent that can only be mathematically captured by the assumption that 149 
the data sets originate from an unknown, not necessarily parametrizeable family of probability distributions.  150 

Moreover, we are assuming that for a given participant, the collection of values that were not 151 
measured may be seen as a random sample taken from the empirical distribution of the values 152 
actually measured by that specific individual. This latter assumption, whose validity/plausibility 153 
was statistically assessed in the previous subsection above, allows us to randomly remove data 154 

points as a proxy of the actual processes that may lead to missing measurements. 155 

Comparison to other clustering approaches to phenotyping 156 



The results from our analysis suggest that both the mean level of FEV1, and the fluctuations of 157 

the FEV1 around the mean, played an important role in the cluster assignment of a given 158 
participant of the PASTURE/EFRAIM cohort. Indeed, as reported in Table 1, the clusters found 159 
are significantly different regarding both of these magnitudes. It may be argued that clustering 160 

could simply be done using the mean of the biomarker measurements. However, our approach is 161 
capable of distinguishing distributional patterns that would escape such a simple analysis (cf. 162 
Figure 1 in the main manuscript).  163 

Conventional disease phenotyping usually relies on many characterizing parameters, which tend 164 
to be expensive or are, for technical reasons, limited to in-hospital assessment. Low-cost and 165 

easily measurable biomarkers, e.g., lung function, measured during a pre-established time 166 
window can be integrated into (tele-)monitoring concepts (1), thus providing additional 167 
information for clustering and phenotyping. In classical clustering methods,(2-13) in which 168 

biomarkers are only measured at a single point in time, the likelihood of misclassification is 169 
increased, because some of the individual measurements might be erroneous. Serial 170 
measurements of a biomarker, as used in our method, may be more capable of tempering such 171 

misclassification effects, might increase reproducibility of findings, and could better account for 172 
the temporal stability of a given phenotype. For the sake of comparison, we performed clustering 173 

using only a single value, namely, the normalized FEV1 morning value obtained from the very 174 
first day of measurements of any given participant in the gold standard within the 175 
PASTURE/EFRAIM cohort. Clinical decision-making based on a single lung function value is 176 

often a standard procedure in daily clinical care. So we asked the following question: Can the 177 
clustering based on a single value also identify 4 clearly distinct clusters comparable to the 178 

clusters obtained with our methodology (Table 1 in the main manuscript)? It can be deduced 179 
from the  outcome of the enrichment analysis displayed in Table E0 below, that only two of the 180 

clusters found using a single measurement of morning FEV1 per patient showed a few 181 
significant distinguishing characteristics. This demonstrates the inferiority in discriminating 182 

asthma phenotypes using such an approach, as compared to FBC. 183 

 184 
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  Cluster1 Cluster2 Cluster3 Cluster4 

Cluster size 68 63 97 24 

Children of farmers vs. of non farmers NS NS NS NS 

Girls vs. Boys NS NS NS 0.017 

Atopic disease  NS NS NS NS 

Doctor diagnosed asthma   NS NS NS NS 

Asthma according to broader definition NS NS NS NS 

Recurrent unremitting wheeze phenotype NS NS NS NS 

Unremitting wheeze phenotype NS NS NS NS 

Atopic asthma NS NS NS NS 

Non-atopic  asthma NS NS NS NS 

Healthy children NS 0.001 NS 0.010 

Significant bronchodilator response NS 0.021 NS NS 

Use of inhaled corticosteroids NS NS NS NS 

Presence of risk allele GSDMB rs7216389 NS NS NS NS 
Table E0: P-values resulting from enrichment/depletion analysis (hypergeometric test) of the number of individuals with the 197 
phenotype or characteristic specified in the first column present in the different clusters. Enrichment in a given 198 
phenotype/characteristic is marked in bold letters. Depletion in a given phenotype/characteristic is marked in italics. NS stands 199 
for a p-value above the significance level of 0.05. The data underlying the cluster identification are each participant’s first 200 
normalized morning FEV1 value measured. 201 

Incorporating multiple parameters, including their fluctuation patterns, into our methodology is 202 
theoretically possible. For instance, it is conceivable to compare multivariate distributions of 203 

different measured parameters by similar mathematical means. Particularly, in light of our results 204 

regarding the inflammatory status, it would be especially intriguing to combine lung function and 205 
inflammatory markers. However, this would be beyond the scope of the material presented 206 
herein.  207 

 208 

Added value for disease phenotyping 209 

Respiratory cohorts aimed at longitudinal monitoring of patients offer the unique opportunity of 210 

studying the temporal evolution or trajectories of a patient’s phenotype; for instance as a function 211 
of treatment and of seasonal influences. The method described here could also be used to address 212 
the stability of the phenotype as a function of time, providing insight into the potential fragility 213 
of the improvements achieved via medication. At the same time, the researcher can critically 214 
evaluate a change of phenotype on the basis of its stability. Our cluster stability analysis (Figure 215 

2 above) indirectly ensures short term phenotype stability. However, due to the changing nature 216 
of the chronic disease process per se, we do not expect long term stability of the clustering. 217 

Future studies will need to explore the question of long term stability over time periods of 218 
months and years. This was not the focus of the current study. Furthermore, the comparison 219 
between time records of clinical symptoms and the time-dependent phenotypes found using our 220 
methodology will give insights into the specificity of the biomarkers studied for the observed 221 
clinical phenotype. A close correlation between the temporal behaviour of a clustering identified 222 

using a given biomarker and our method, and the temporal behaviour of clinical symptoms, may 223 
provide even further evidence of the clinical relevance of the biomarker in question.  224 



The fluctuation based clustering method (FBC) complements other clustering methods by 225 

including the temporal behaviour of a biomarker as an additional clustering dimension. FBC may 226 
not only cluster patients based on the intrinsic features of chronic asthma, but rather accounts for 227 
the interaction with the given environment and the stability of the disease over short time periods 228 

of weeks. 229 

Our method has proved itself useful for the identification of healthy and suspected asthmatics 230 
with genetic susceptibility to alterations in airway function, but did not identify patients with 231 
eosinophilic inflammation or atopic status. FBC may thus contribute not only to clinical 232 
phenotyping, but also potentially to endotyping. Future studies will need to show whether FBC is 233 

correlated with quality of life, treatment response or long term outcome of asthma patients. 234 

In summary, we have developed a novel method of clustering patient groups for phenotyping 235 
that seems capable of identifying participants with specific dynamic lung functional response in 236 

reaction to their environment. 237 

The generalizability of our findings is a relevant and difficult question. In our work we have 238 
considered this issue in two ways: Firstly, we explored the robustness of our findings with 239 

respect to data sets with more missing measurements. This was the goal of the cluster stability 240 
analysis, in which the data provide clues regarding the tolerable levels of missing measurements. 241 

Secondly, we addressed the potential issue of our methodology generating findings that are an 242 
artefact resulting from the peculiarities of the children cohort. To this end, we applied the 243 
method to an independent data set of adult asthmatics. In this independent data set the 244 

methodology was clearly able to distinguish between mild-to-moderate and severe asthmatics. 245 
Thereby we demonstrated the general suitability of our approach for phenotyping cohorts of 246 

healthy and asthmatic individuals. 247 

Nevertheless, the question as to whether the phenotypes found in the children cohort can also be 248 

found in a general population remains open. Assessing this will require further research and 249 
suitable longitudinal cohorts. 250 

 251 

Implications and potential future clinical applications 252 

In a situation of unclear asthma history, a clinician could instruct a patient to twice-daily perform 253 

symptoms and lung function monitoring for one month and then determine whether the observed 254 
lung function fluctuations support the diagnosis of asthma. Electronic quality control (ERS/ATS 255 
standards) and transmission of data via mobile internet devices is increasingly feasible for such a 256 
scenario. Data analysis can be automated based on existing databases of healthy and asthma 257 

disease controls.  258 

Furthermore, as shown in our independent second data set, the method could be used to 259 

determine whether or not a patient living far away from an asthma centre suffers from severe or 260 
from mild-to-moderate asthma, and the urgency to see them in the clinic could be better 261 
evaluated. However, the feasibility and value of such potential applications would need to be 262 
evaluated in longitudinal outcome studies. In theory, the FBC-method can be generalized to any 263 
biomarker relevant to other chronic diseases. Thus, such future studies are not necessarily 264 

restricted to the asthma field.  265 



Methods 266 

1. Study Design 267 

The current proof of concept study has been prospectively embedded within the Protection 268 
against Allergy – Study in Rural Environments (PASTURE/EFRAIM) cohort. This is a 269 
prospective birth cohort study of children from rural areas (comprising children who live and do 270 
not live on traditional farms) in five European countries: Austria, Finland, France, Germany, and 271 
Switzerland. The study design has been described elsewhere (14-16). Briefly, pregnant women 272 

were contacted during the third trimester of their pregnancy; families living on and running 273 
traditional farms with livestock were assigned to the farm study group, while families living in 274 
the same rural area, but not on farms, were recruited as controls. The study has been approved by 275 
all ethical committees of the participating study centres and written informed consent was 276 
obtained from the children’s parents or guardians after the nature and possible consequences of 277 

the study were explained. 278 

Furthermore, we also illustrated our methodology using data from the Pan-European BIOAIR 279 
study. This study was designed to characterize the course of severe chronic airway diseases over 280 

time using a multitude of different clinical outcomes. The design has been described in detail 281 
elsewhere (17). The study was approved by all ethics committees of the participating study 282 
centres. 283 

 284 
1.1 Study population, definition of clinical phenotypes 285 

Within the PASTURE/EFRAIM cohort, at the age of 6 years, n=799 out of N=1’133 initially 286 
recruited asthmatic and healthy children were still part of the prospective follow-up. 51.7% of 287 

them were born in a farming environment. About 8.4% showed symptoms of asthma according 288 
to standardized clinical assessments (14). All participants had complete data for lung function 289 
and FeNO measurements as described previously (14, 18). Table E1 below displays definitions 290 

of clinical phenotypes that were used in the current analysis, especially those of a more inclusive 291 
variant of unremitting wheeze (14). Tables E2A and E2B below display general population 292 

characteristics for farm and control children who had completed lung function measurements and 293 
who were subject to data analyses. 294 

Genotyping in the PASTURE/EFRAIM cohort was performed at the Centre National de 295 

Genotypage, Evry, France, using the iPLEX Gold technology as described previously (14). The 296 
single-nucleotide polymorphism (SNP) rs7216389 in the gasdermin B (GSDMB) coding region 297 
of chromosome 17q21was selected to cover a major known risk locus for childhood asthma (see 298 
(19) and the citations therein) and was coded for its risk allele. 299 

In the subsample of children with available lung function data at age 6 years, children with low 300 
parental education and in utero smoke exposure were slightly underrepresented, which might 301 
lead to a dilution of effects. Otherwise there was no further evidence of selection bias in the 302 
PASTURE/EFRAIM cohort. However, see (14) for more details on the inclusion and exclusion 303 
criteria.Within the BIOAIR study, 169 adults with asthma were screened and allocated to severe 304 

therapy resistant asthma (n=93) and mild-to-moderate asthma (n=76) groups (20). All patients 305 
underwent a treatment optimization period of 4 weeks. Finally, patients were followed for 12 306 
months with control visits at four-monthly intervals, as well as at additional visits in case of 307 
exacerbations. Table E3 below displays general population characteristics. The present analysis 308 



included the 138 patients (76 with severe therapy resistant asthma and 62 with mild-to-moderate 309 

asthma) who measured their lung function at least once during the follow-up using a portable 310 
device (Vitalograph Electronic PEF/FEV1 Diary – XM version, Vitalograph Ltd., Buckingham, 311 
UK). 312 

Potential selection bias for the studied population is inherited from the design of the BIOAIR 313 
study. Inclusion and exclusion criteria are described in details elsewhere (20). The BIOAIR 314 
study also included COPD patients. Consequently, for asthma patients smoking status (defined as 315 
current smoking, or more than 5 pack years) was an exclusion criterion. Moreover, another 316 
potential selection bias may be due to the fact that for the current analysis only those participants 317 

were included, who performed lung function measurements at least once. Furthermore, the study 318 
population may have an overrepresentation of younger participants, as those seem to be more 319 
compliant with electronic diaries in clinical studies. 320 

 321 
1.2 Lung Function Measurements 322 

Within the PASTURE/EFRAIM cohort, parents and study participants received detailed 323 

instructions by trained fieldworkers on how to conduct measurements of peak expiratory flow 324 
(PEF in L/min) and forced expiratory volume during the first second (FEV1 in L). Measurements 325 

were performed in the sitting position but without the use of a nose-clip, and using a validated 326 
electronic peak flow meter (PiKo-1, nSpire Health, Longmont, CO, USA), all according to 327 
current guidelines by the European Respiratory Society (ERS) and the American Thoracic 328 

Society (ATS) (21). The performance of this device has been tested thoroughly (22), showing 329 
that its technical variability is remarkably low, thus leading to a high reproducibility of 330 

measurements when properly used. For the purpose of proper use, written instructions (including 331 
hygiene procedures) in the participant’s language were made available. Measurements were 332 

performed at study participants’ homes twice daily (morning and evening) before the use of any 333 
medications or inhalants for the treatment of wheeze and/or asthma and according to current 334 

ERS/ATS guidelines (21). The device is capable of detecting faulty measurements (start-of-test-335 
criterion not fulfilled, cough or artefacts during forced exhalation, or insufficient exhalation). In 336 
such cases it asks the user to repeat the procedure. Measurements were recorded over the course 337 

of four weeks (ideally resulting in a total of 56 home-measurements per study participant). Due 338 
to compliance issues, this was not always the case. The data were then downloaded from the 339 

devices using an infrared cradle and reviewed using the PikoNET software (nSpire Health, 340 
Longmont, CO, USA). 341 

Within the BIOAIR study, twice-daily lung function (PEF and FEV1 only, PEF in L/min and 342 
FEV1 in L), rescue medication use (SABA), day and night symptoms, and limitation of activities 343 

were daily measured and recorded using electronic diaries (Vitalograph Electronic PEF/FEV1 344 
Diary – XM version, Vitalograph Ltd., Buckingham, UK). Measurements were recorded over 12 345 
consecutive months (ideally resulting in a total of 730 home-measurements per study 346 
participant). Due to compliance issues, this was never the case. 347 

 348 
1.3 Documentation and usage of short- and long-acting beta agonists 349 

Within the PASTURE/EFRAIM cohort, in order to retrieve detailed information on concurrent 350 
respiratory symptoms (cough, wheeze, shortness of breath during measurement period) during 351 

the measurement time window, standardized documentation sheets were used as previously 352 



reported (14). In addition, the participants provided written documentation reporting the date and 353 

time of each measurement, as well as justifications for missing measurements. 354 

The parents of asthmatic children were instructed to omit short acting bronchodilators 6 hours 355 
prior to lung function measurements, and, if needed despite of this rule, to log such events. In the 356 

entire dataset of 604 participants, on only two occasions were short-acting beta agonists given. 357 
Furthermore, only four patients reported the use of long-acting beta agonists. Due to this very 358 
low number of exceptions, any bias imposed by the use of medication is negligible in this 359 
dataset. 360 

Within the BIOAIR study, the use of short-acting beta agonists was recorded as number of puffs 361 

used daily (the question from the diary read: “How many puffs of the short-acting bronchodilator 362 
(e.g. Ventoline) did you take during the last 24 hours?”). Day and night symptoms (“How severe 363 
were your respiratory symptoms during the day/night?”) were recorded on a scale from 0 to 4 364 

where 0 = no symptoms; 1 = mild symptoms present, but they caused little or no discomfort; 2 = 365 
moderate symptoms that caused discomfort, but did not affect my normal daily activities; 3 = 366 
severe symptoms that interfered with my normal daily activities at least once during the day; 4 = 367 

symptoms so severe that I could not go to work/school or carry out the activities that were 368 
scheduled for this day (for example, holiday/weekend events). Limitation of daily activities 369 

(“Did you stay away from work/school or scheduled activities (for example, weekend or holiday 370 
activity) yesterday because of your respiratory symptoms?”) was recorded as a yes/no answer. 371 

In the BIOAIR study, an effort was made to improve adherence by repeated education, training 372 

of inhalation techniques, and by the use of an individual plan for asthma care prepared for 373 
patients at all centers involved. All patients were trained on how to use electronic diaries. 374 

Compliance was enhanced by repeated phone calls and a question (“Did you take your 375 
prescribed inhaled steroid medication (corticosteroid) in the last 24 hours?”) included in the 376 

electronic diary that all patients filled out every day during the entire follow up period. Patients 377 
were asked to do measurements first and then take their medication. This is easily accomplished 378 

with regular dosing (long-acting beta agonists). Regarding short-acting beta agonists, patients 379 
could take them any time needed, but were advised to perform measurements at least 4 hours 380 
after the administration, if possible. 381 

 382 

2. Statistical and computational analysis 383 

2.1 Data preparation and quality criteria 384 

 385 

Measured values of PEF and FEV1 were excluded from the analysis if the quality control 386 

recordings of the PiKo-1 device did not meet the pre-established standards (21). Moreover, for 387 

data inclusion there had to be a sensible match between measurements and what was reported in 388 
writing, and on the documentation sheets. 389 

In order to adjust for age, sex and body length of the different participants in the cohort, 390 
measured values of PEF and FEV1 were standardized by calculating z-scores using recently 391 
published reference data for spirometry (23), (as described earlier for spirometry data in the same 392 

study population (14)) and published reference data for PEF values (24). More precisely, the 393 
following formula was used to calculate the standardized values z = (x-μ)/σ, where x is the 394 



measured value of interest, μ is the mean of the reference population, and σ is the standard 395 

deviation of the reference population. 396 

Extreme outliers, i.e., measurements of a magnitude ten median absolute deviations (MAD) or 397 
more off the overall median were excluded from the analysis. 398 

Measurements taken between midnight and the following noon were considered morning values. 399 
Accordingly, measurements taken between noon and the following midnight were taken as 400 
evening values. For each participant, the maximum value of all morning measurements is used in 401 
the analysis as the representative value for the morning period of a given day. This was done 402 
analogously for the evening period. Ideally then every participant has, for each of the magnitudes 403 

PEF and FEV1, two time series of measurements of length 28, one for the morning and one for 404 
the evening. In some cases, compliance issues and/or measurement quality problems led to time 405 
series of shorter or longer length, and to missing values within the time series. Our analysis is 406 

performed using the time series of good quality morning measurements, the time series of good 407 
quality evening measurements, and the time series of all values, that is, the time series of 408 
consecutive, alternating good quality morning and evening values. 409 

For each of the variables PEF and FEV1, and for each time slot (morning measurements, evening 410 
measurements, or whole day measurements), we selected a subset of participants we called a 411 

gold standard. This is defined as the subset of participants having as many or more good quality 412 
measurements as the 60th percentile in the distribution of the total number of individual good 413 
quality measurements generated by each participant. These steps correspond to the blue 414 

rectangles in the flow diagram of our methodology (Fig. 2 in the main manuscript). 415 

For the clustering analysis, the time dimension in the time series of measurements was neglected, 416 

meaning, we looked at each participant’s collection of measurements as their individual 417 

empirical distribution of measurements.  418 

All computations were done using Stata 11.2 (College Station, Texas, USA), and R (25) together 419 
with the following R-packages: emdist (26) (Earth-Mover’s-Distance calculations), gplots (27) 420 

(generation of heatmaps and dendrograms), ape (28) (analysis of dendrograms), ggdendro (29) 421 
(handling of dendrograms), foreach (30) (parallelized computations), date (31) (handling of dates 422 
in the data), gtools (32) (generate random numbers from Dirichlet distributions), and doSNOW 423 

(30, 33) (parallelized computations). 424 

 425 

2.2 Clustering of participants based on lung function profiles 426 

 427 

In our approach, the measurements collected during the observation window were used to 428 

construct the individual empirical distribution of lung function measurements for each study 429 

participant.  For each of the variables PEF and FEV1, and for each time slot (morning 430 
measurements, evening measurements, or whole day measurements)1, the corresponding 431 
distribution of a given participant was compared to the distributions of all the other participants. 432 
This pair-wise comparison was done using the Earth-Mover’s-Distance (34) (see below for a 433 
brief description of this method). Intuitively speaking, the Earth-Movers-Distance contemplates 434 

the pair of distributions to be compared as piles of sand and measures the effort that it would take 435 

                                                           
1 For the BIOAIR study the analysis was conducted using whole day measurements of FEV1 only. 



to shovel one distribution into the shape and position of the other.  We thereby compared the 436 

distribution of a given study participant to the distribution of every other participant in the 437 
cohort. These comparisons yielded a collection or “array” of distance values for each participant 438 
in the cohort. This collection of distance values constitutes what we call the lung function profile 439 

of each patient within the given cohort. The lung function profiles of all participants were then 440 
arranged as the rows of a matrix (Figure 3, Panels B and A, in the main manuscript). We used 441 
these profiles as the phenotypic characteristic of each participant in the context of the cohort and 442 
performed agglomerative hierarchical clustering (35) on the rows of this matrix (Figure 3 in the 443 
main manuscript). Within the hierarchical clustering algorithm, the distances between the rows 444 

of the matrix were calculated using the Euclidean distance, and the agglomeration procedure was 445 
done according to Ward’s minimum variance method (see, e.g., (35)). 446 

The dendrograms constructed on the basis of hierarchical clustering yield different numbers of 447 

clusters, depending on the height at which the dendrogram is cut. We did not attempt to use some 448 
computational or data driven methodology for selecting the “appropriate” number of clusters, as 449 
this is well known to be a very difficult problem, with different criteria leading to different 450 

numbers of clusters. Rather, for different cutting heights of the dendrogram, we inspected the 451 
characteristics of the clusters via enrichment analysis and selected the multiplicity of the 452 

clustering guided by this additional information that was not used to construct the clusters in the 453 
first place. By means of this approach, we found the clearly distinct four clusters described in 454 
Table 1 of the main manuscript. 455 

In order to cope with missing values in the data, we carried out the procedure described in the 456 
previous two paragraphs solely using the selected gold standard. This is schematically 457 

represented in the first two pink rectangles in the flow diagram of our methodology (Fig. 2 in the 458 
main manuscript). 459 

Moreover, in order to include participants with more missing values, we the stability of the 460 
clusters found upon percental data removal. For each participant within the gold standard, a 461 

given percentage of measurements were randomly removed from each participant’s collection of 462 
measured values. This process was repeated iteratively. We then assessed the stability of each 463 
cluster using a global (i.e., cluster-wide) cluster stability measure, and, in addition, the stability 464 

scores of individual cluster members given by their reappearance frequency among iterations (for 465 
more details see 2.3 below). Once the tolerable level of missing measurements was established, 466 

the gold standard was extended to include participants with more missing values. Using this 467 
extended data set, lung function profiles were recalculated and the clustering procedure was 468 

repeated to yield final clusters. This is schematically represented in the first two green rectangles 469 
in the flow diagram of our methodology (Figures 2 and 3 in the main manuscript). 470 

 471 

2.3 Cluster stability analysis regarding missing data points 472 

 473 
The algorithm described below was applied in order to establish a tolerable level of missing 474 
measurements. The indicator for what is tolerable is given by thresholds for the stability of the 475 

clusters found upon random data removal. Essentially, the algorithm assesses by how much a 476 
given cluster is “deformed” or “perturbed” upon random data removal. This assessment is 477 
conducted at two levels. First, at a global level, in which the overlap between the original cluster 478 

and its perturbed counterpart is calculated. Second, at a local level, by quantifying how 479 



frequently upon repeated random data removal any given participant contained in a cluster shows 480 

up in its perturbed counterpart. The degree of deformation upon random data removal is clearly a 481 
function of the amount of randomly removed data points. It also indicates the stability of the 482 
clustering upon different relative amounts of random data removal. The steps within this 483 

algorithm correspond to the pink rectangles in the flow diagram of our methodology (Fig. 2 in 484 
the main manuscript). 485 

This algorithm was repeated for morning measurements, evening measurements and, both 486 
measurements of PEF and FEV1, respectively: 487 

1. Set a cluster stability threshold TCluster :=0.75. This is the minimal level of similarity 488 

(according to Jaccard's similarity coefficient, see 4. below) we are willing to accept 489 
between a given cluster A and its counterpart A′ to be found in the “perturbed” clustering 490 
resulting after random data removal.  491 

2. Set a relative amount of data removal R. We use R:=5,10,15,20,25,30,35,40,45, and 50 492 
%. 493 

3. Conduct hierarchical clustering with Ward agglomeration of the lung function profiles 494 

using the gold standard. The hierarchical clustering tree is then cut to obtain 2 to 6 495 
clusters. Identified clusters are named A,B,C, etc. 496 

4. Iteratively (N:=1000), randomly remove R of the measurements of each participant in the 497 
gold standard, recalculate the clustering, and identify the counterpart clusters A′,B′, etc. 498 
This is done for each cluster A, using Fisher's exact test (see, for instance, (36)) on the 499 

function indicating the membership of all participants to cluster A and the function 500 
indicating the membership of all participants to cluster C′, for all clusters C′ in the 501 

recalculated clustering. The cluster C′ yielding the lowest significant (more on the chosen 502 

significance level below) p-value is considered the counterpart cluster A′ of A. However, 503 

preference will be given to a cluster C′ with a higher significant p-value but with a higher 504 

Jaccard's similarity coefficient 𝐽(𝐴, 𝐶′):= |𝐴 ∩ 𝐶′|/|𝐴 ∪ 𝐶′| (see, for instance, (37) and 505 
the citations therein). If for all clusters C′ in the recalculated clustering no p-value is 506 

significant, then the counterpart cluster A′ of A is set to be the empty set A′=∅. In rare 507 
cases, it may happen that for certain original clusters A and B, A′=B′, i.e., their 508 
counterpart clusters are the same. Due to the repeated sampling (N=1000), it is 509 
mandatory to assess the probability of finding a non-empty cognate cluster by chance. To 510 

this end, three models of null hypothesis were used (see below for a detailed description 511 
of each of the models). Repeated Monte Carlo simulations of the null hypothesis scenario 512 
allowed for the calculation of the empirical probability of finding a non-empty cognate 513 
cluster by chance. By adjusting the significance level used with Fisher's exact test to 10-6 514 

we were able to control the family-wise error rate (see, for instance, (38)) among the 515 
1000 iterations at the level of 0.05. 516 

5. For each cluster C calculate Jaccard's similarity coefficient J(C,C′) between C and its 517 

counterpart C′. Every time (out of the total number N of iterations) Jaccard's similarity 518 
coefficient is greater or equal to TCluster, the stability count SC of C is increased by one. 519 

6. For each cluster C, report the stability score as SC/N, that is, the proportion of iterations 520 
in which Jaccard's similarity coefficient J(C,C′) between C and its counterpart C′ is 521 
greater or equal to TCluster. 522 



7. Furthermore, for each participant e∈C contained in cluster C, count how many times it 523 
shows up in its counterpart C′. Calculate the reappearance frequency of e by dividing this 524 
count by N. 525 

8. Report the proportion of participants in the gold standard having a reappearance 526 
frequency of at least TParticipant:=60%. 527 

9. The relative amount of data removal R is considered tolerable if the following two 528 
conditions are both fulfilled: 529 

o For every cluster C the proportion of iterations in which Jaccard's similarity 530 

coefficient J(C,C′) between C and its counterpart C′ is greater or equal to TCluster is 531 
at least TGlobal:=60%. 532 

o The proportion of participants in the gold standard having a reappearance 533 

frequency of at least TParticipant is greater or equal to TLocal:=75%. 534 
 535 

2.4 Blinded clinical evaluation using enrichment analysis 536 

Enrichment analysis was used to determine whether or not patients with specific clinical, genetic, 537 

or epidemiological characteristics were significantly enriched or overrepresented in a given 538 
cluster in comparison to the entire population. The enrichment analysis was performed using the 539 
hypergeometric test (36, 39, 40) (also known as the one-tailed version of Fisher’s exact test (39, 540 

40)). The same test was also used to show, in a given cluster, significant depletion of patients 541 
with specific characteristics. 542 

This analysis allowed us to test whether or not the fluctuation based clustering method can 543 

contribute to identifying patients with clinical characteristics of asthma in varying degrees of 544 

severity (BIOAIR cohort), in comparison to healthy controls; or to distinguishing participants 545 
living in a farming environment (PASTURE/EFRAIM cohort). For the PASTURE/EFRAIM 546 

cohort, the clinical characteristics, as well as genetic determinants, have previously been 547 
determined/described by an independent team and summarized in (14). The classification of 548 
patients into mild-to-moderate or severe therapy resistant asthmatics is described in (17). 549 
 550 

Models of null hypothesis for the identification of cognate clusters 551 

The following three models were used as the null hypothesis scenario in which a random 552 

procedure generates cognate clusters: 553 

1)      The random cognate cluster finder knows how big each of the clusters should be for a 554 

given clustering multiplicity. So the random cognate cluster finder randomly samples from a 555 

multinomial distribution (see, for instance, (41)) to find the sizes of each cluster. The probability 556 

of choosing a member for cluster A’ is the size of the original cluster A divided by the size of the 557 

gold standard. This is done analogously for all other clusters. Once the cluster sizes are obtained 558 

from sampling the multinomial distribution, the gold standard is randomly partitioned into the 559 

different clusters. The clusters found via this procedure are then subject to the same cognate 560 

cluster identification procedure described above (Fisher’s exact test, Jaccard’s index) in order to 561 



find the cognate cluster of, say, cluster A. This procedure is repeated Q times. The proportion of 562 

times the random cognate cluster finder actually finds a non-empty cognate cluster for a given 563 

significance level used with Fisher’s exact test is the empirical probability of finding cognate 564 

clusters by chance. 565 

2)      The random cognate cluster finder knows how big each of the clusters should be for a 566 

given clustering multiplicity. So the random cognate cluster finder randomly samples from a 567 

multinomial distribution to find the sizes of each cluster. The probability of choosing a member 568 

for cluster A’ is no longer as in 1). Rather, the probabilities that are fed into the multinomial 569 

distribution are obtained from a Dirichlet distribution (see, for instance, (41)) with the 570 

parameters set in a way that the average multinomial distribution sampled from the Dirichlet 571 

distribution is precisely the multinomial distribution used in 1) above. In other words, the 572 

average probability of choosing members for cluster A’ is now equal to the size of the original 573 

cluster A divided by the size of the gold standard. The clusters found via this procedure are then 574 

subject to the same cognate cluster identification procedure described above (Fisher’s exact test, 575 

Jaccard’s index) in order to find the cognate cluster of, say, cluster A. This procedure is repeated 576 

Q times. The proportion of times the random cognate cluster finder actually finds a non-empty 577 

cognate cluster for a given significance level used with Fisher’s exact test is the empirical 578 

probability of finding cognate clusters by chance. 579 

3)      The random cognate cluster finder does not know how big each of the clusters should be 580 

for a given clustering multiplicity. The random cognate cluster finder randomly samples from a 581 

multinomial distribution to find the elements in each cluster. The probability of choosing a 582 

member for cluster A’ is no longer as above. Rather, the probabilities that are fed into the 583 

multinomial distribution are obtained from a Dirichlet distribution with the parameters set in a 584 

way that every constellation of possible cluster sizes is equally probable. The clusters found via 585 

this procedure are then subject to the same cognate cluster identification procedure described 586 

above (Fisher’s exact test, Jaccard’s index) in order to find the cognate cluster of, say, cluster A. 587 

The proportion of times the random cognate cluster finder actually finds a non-empty cognate 588 

cluster for a given significance level used with Fisher’s exact test is the empirical probability of 589 

finding cognate clusters by chance. 590 

The null hypothesis scenario described in 3) is the most uniformed one. Indeed, our Monte Carlo 591 

simulations show that the probability of randomly finding a non-empty cognate cluster are 592 

lowest under 3) and slightly increase under 2) and increase even more under 1). Scenarios 1) and 593 

2) contain more a priori information about the structure of the clustering than what would 594 

normally be available to a completely uninformed clustering procedure. Nevertheless, we used 595 

the empirical probabilities obtained from the Monte Carlo simulation of scenario 1) to determine 596 

the significance level to be used with Fisher’s exact test in order to control the family-wise error 597 

rate among the above mentioned 1000 iterations at the level of 0.05. 598 

 599 



The Earth-Mover’s-Distance 600 

The Earth Mover's Distance (EMD) (34) is a method for quantifying the dissimilarity between 601 

two probability distributions. Intuitively speaking, the EMD contemplates the pair of 602 

distributions to be compared as piles of sand and measures the minimal effort that it would take 603 

to shovel one distribution into the shape and position of the other. 604 

In practice, two distributions will be given by two representative samples, which can be written 605 

as lists of pairs {(v1 , w1),…, (vn , wn)} and {(c1 , f1),…, (cn , fm)}. Each pair (vi , wi) corresponds 606 

to a value vi and its relative frequency wi in the sample. If we translate the above described 607 

intuitive approach into numbers, the problem becomes a well-known transportation problem 608 

(42): Suppose that n suppliers are located at positions v1 ,…, vn, respectively, and each one has a 609 

given amount of goods wi. Furthermore, they are required to supply m consumers, located at 610 

positions c1 ,…, cm, respectively, whereas each one has a given specific demand fi. For each 611 

supplier-consumer pair (vi , wi) and (cj , fj), the cost of transporting a single unit of goods is 612 

determined by the distance d(vi , cj) between their locations. The transportation problem is then 613 

to find a least expensive pattern of flow of goods from suppliers to consumers that would satisfy 614 

the consumers' demand. Once the optimal pattern of the goods’ flow has been found, the total 615 

cost is the corresponding EMD. 616 

Mathematically, this transportation problem can be formalized as a linear programming problem, 617 

for which efficient solution algorithms were developed in the late 1940s (see, e.g., (43)).  618 

Supplementary tables 619 



Clinical phenotype Definition 

Atopy At least RAST class 2 (>0.7 kU/L) for any of the 13 tested inhalant allergens 

Doctor diagnosed asthma A physician's diagnosis of asthma at least once per life time 

Asthma according to broader definition A physician's diagnosis of asthma at least once per life time or recurrent diagnoses of spastic, 

obstructive or asthmatic bronchitis as reported by parents at age 6 years 

Atopic asthma Fulfilling the definitions of both atopy* and the broader asthma definition* 

Non-atopic asthma Not fulfilling the definition of atopy* but that of the broader asthma definition* 

Unremitting wheeze phenotype Having symptoms between distinct wheezing episodes or having wheeze without a cold during at 

least one follow-up period between the age of one and six years(14) 

Recurrent unremitting wheeze phenotype Having symptoms between distinct wheezing episodes or having wheeze without a cold 

during at least two follow-up periods between age of one and six years(14) 

Healthy children€  Not fulfilling the definition of the broader asthma definition and having normal lung function as 

measured by spirometry at the age of six years(14) 

Table E1: Definition of clinical phenotypes in the PASTURE/EFRAIM cohort; (See also (14)). kU = kilo units; L = liter; RAST = radio-allergo-

sorbent-test. * data available for n=742 study participants. € data available for n=658 study participants. 

 

 

 

 

 



Table E2A: Population characteristics of n=799 study participants in the PASTURE/EFRAIM cohort with lung function data measured at the age 

of 6 years. p-values were derived by a binomial test for proportion, a p-value < 0.05 was considered significant. * data available for n=787 

participants.  

 

 

 

 

 

Covariates 
 

Not included in subset (n=334) Included in subset (n=799)  

 
 

% % p-value 

Female sex 50.9 
 

47.8 0.37 

Child living on a family-run farm 43.1 48.3 0.11 

Doctor diagnosed asthma * 6.4 8.8 0.35 

At least two older siblings 30.8 34.5 0.23 

Parental atopy  50.2 55.2 0.14 

Parental asthma  10.5 14.4 0.09 

High parental education 87.5 91.7 <0.05 

In utero smoke exposure 16.9 12.5 <0.05 



Table E2B: Population characteristics of n=799 study participants in the PASTURE/EFRAIM cohort with lung function data measured at the age 

of 6 years by farming status. p-values were derived by the Chi2 test, a p-value < 0.05 was considered significant. * data available for n=742 study 

participants. ** data available for n=787 participants. *** data available for n=787 study participants. # data available for n=730 study 

participants. § data available for n=730 study participants. $ data available for n=729 study participants. † data available for n=717 study 

participants.€ data available for n=658 study participants. 

 

 Child living on a family-run farm  

 Yes (n=413, 51.7%) No (n=396, 48.3%)  

 No. Percentage No. Percentage p-value 

Female sex 181 46.9 200 48.7 0.62 

Atopy*  112 31.5 126 32.6 0.73 

Doctor diagnosed asthma ** 10 6.1 25 2.6 <0.05 

Asthma according to broader 

definition *** 

25 6.5 44 10.9 <0.05 

Atopic asthma#  12 3.4 24 6.4 0.067 

Non-atopic asthma§  12 3.4 19 5.0 0.30 

Unremitting wheeze phenotype$ 58 16.6 91 24.0 <0.05 

Recurrent unremitting wheeze 

phenotype† 

24 6.9 29 7.9 0.62 

Healthy children€ 267 84.0 276 81.2 0.35 



 

 

 Mild-to-moderate asthma 
(N=62) 

MD Severe asthma 
(N=76) 

MD p-valuea 

Age, years 43.3±13.0 - 50.7±11.4 - <0.001 

Gender, male 24 (38.7%) - 32 (42.1%) - 0.69 

Body mass index, kg/m2 25.1±3.8 - 28.2±5.1 - <0.001 

Age of disease onset, years 22.7±17.1 6 31.5±16.1 10 0.004 

Atopy, n (%) 25 (41.7%) 2 27 (37.5%) 4 0.63 

Number of measurements, n 351±216 - 304±235 - 0.22 

ACQ, Juniper 1.0±0.7 3 2.0±1.0 8 <0.001 

QoL, SGRQ 22.4±15.4 12 44.5±17.9 8 <0.001 

FEV1, absolute values 2.8±0.7 3 2.1±0.8 2 <0.001 

FVC, absolute values 4.0±0.9 3 3.2±0.9 2 <0.001 

FEV1/FVC 0.7±0.1 3 0.7±0.1 2 0.14 

FEV1, % predicted 82.0±18.0 3 68.4±19.9 2 <0.001 

FVC, % predicted 96.7±13.3 3 82.7±16.9 2 <0.001 

FEV1/FVC 0.8±0.1 3 0.8±0.2 2 0.35 

Table E3: Characteristics at inclusion of study participants within the BIOAIR cohort according to the clinically defined airway disease (n=138). 
Values shown are mean ± standard deviation and numbers (percentages). ACQ, Asthma Control Questionnaire; BMI, body mass index; FEV1, 
forced expiratory volume in one second; FVC, forced vital capacity; MD, missing data; QoL, quality of life; SGRQ, St George’s Respiratory 
Questionnaire. aComparison between groups using Student’s t-test for continuous variables and Chi2 for qualitative variables. Number of FEV1 
measurements: 325±227. 

 

 

 

 

 



 

 

Morning FEV1 Cluster1 Cluster2 Cluster3 Cluster4 pValue 

Cluster size 60 161 54 84   

Children of farmers vs. of non-farmers 26 68 29 29 0.173 

Girls vs. Boys 16 80 26 51 0.0007**** 

Atopic disease  18 45 17 30 0.723 

Doctor diagnosed asthma   5 9 2 3 0.641 

Asthma according to broader definition 9 17 3 5 0.228 

Recurrent unremitting wheeze phenotype 5 17 4 4 0.391 

Unremitting wheeze phenotype 14 28 11 16 0.764 

Atopic asthma 5 10 3 4 0.850 

Non-atopic  asthma 3 7 0 1 0.242 

Healthy children 31 125 44 78 0.00002**** 

Significant bronchodilator response 15 31 10 10 0.293 

Use of inhaled corticosteroids 3 11 1 3 0.539 

Mean fractional exhaled nitric oxide (FeNO) 9.898 10.108 11.427 9.828 0.258 

Presence of risk allele GSDMB rs7216389 41 112 43 52 0.181 

Mean normalized FEV1 (z-score)  -2.574 -0.525 -1.385 0.631 < 2.2e-16**** 

Mean coefficient of variation of normalized FEV1 0.566 2.765 0.681 2.183 < 2.2e-16**** 

Mean standard deviation of normalized FEV1 1.24 0.867 0.897 0.865 0.000008**** 

Table E4: Comparative analysis of the clusters. Absolute number of individuals with the phenotype or characteristic specified in the first column 
in the different clusters. For each variable the clusters were compared using a two-tailed Fisher’s exact test (Kruskal-Wallis rank sum test test 
when comparing FeNO, and means, standard deviations, and coefficients of variation of normalized FEV1 values).  Significances are marked as 
follows: * p<0.1, ** p<0.05,  *** p<0.01, and ****p<0.001.  The data underlying the cluster identification are normalized morning FEV1 values. 
Cf. enrichment analysis, Table 1 in the main manuscript. 
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