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ABSTRACT:

Asthma is a common, under-diagnosed disease affecting all ages. We sought to identify a nasal
brush-based classifier of mild/moderate asthma. One hundred ninety subjects with
mild/moderate asthma and controls underwent nasal brushing and RNA sequencing of nasal
samples. A machine learning-based pipeline, comprised of feature selection, classification, and
statistical analyses, identified a diagnostic classifier of asthma consisting of 90 nasally
expressed genes interpreted via an L2-regularized logistic regression classification model. This
nasal brush-based classifier performed with strong predictive value and sensitivity across eight
validation test sets, including (1) a test set of independent asthmatic and non-asthmatic subjects
profiled by RNA sequencing (positive and negative predictive values of 1.00 and 0.96,
respectively; AUC of 0.994), (2) two independent case-control cohorts of asthma profiled by
microarray, and (3) five independent cohorts of subjects with other respiratory conditions
(allergic rhinitis, upper respiratory infection, cystic fibrosis, smoking), where the panel had a low
to zero rate of misclassification. Translational development of this classifier into a diagnostic

nasal brush-based biomarker for clinical use could aid in asthma detection and care.
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Introduction

Asthma is a chronic respiratory disease that affects 8.6% of children and 7.4% of adults
in the United States [1]. Its true prevalence may be higher. The fluctuating airflow obstruction,
bronchial hyper-responsiveness, and airway inflammation that characterize mild to moderate
asthma can be difficult to detect in busy, routine clinical settings [2]. In one study of US middle
school children, 11% reported physician-diagnosed asthma with current symptoms, while an
additional 17% reported active asthma-like symptoms without a diagnosis of asthma [3].
Undiagnosed asthma leads to missed school and work, restricted activity, emergency
department visits, and hospitalizations [3, 4]. Given the high prevalence of asthma and
consequences of missed diagnosis, there is high potential impact of improved diagnostic tools
for asthma [5].

National and international guidelines recommend that the diagnosis of asthma should be
based on a history of typical symptoms and objective findings of variable expiratory airflow
limitation [6, 7]. However, obtaining such objective findings can be challenging given currently
available tools. Pulmonary function tests (PFTs) require equipment, expertise, and experience
to execute well [8, 9]. Many individuals have difficulty with PFTs because they require
coordinated breaths into a device. Results are unreliable if the procedure is done with poor
technique [8]. Further, PFTs are usually not immediately available in primary care settings.
Despite guidelines recommending objective tests such as PFTs to assess possible asthma,
PFTs are not done in over half of patients suspected of having asthma [8]. Induced sputum and
exhaled nitric oxide have been explored as asthma biomarkers, but their implementation
requires technical expertise and does not yield better clinical results than physician-guided
management alone [10]. Given the above, the reality is that most asthma is still clinically
diagnosed and managed based on self-report [8, 9]. This is suboptimal for mild/moderate
asthma given its waxing/waning nature, and because self-reported symptoms and medication

use are biased [11].
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A nasal biomarker of asthma is of high interest given the accessibility of the nose and
shared airway biology between the upper and lower respiratory tracts [12-15]. The easily
accessible nasal passages are directly connected to the lungs and exposed to common
environmental and microbial factors. In this study, we applied next-generation sequencing and
machine learning to identify a novel nasal brush-based classifier of asthma (Figure 1).
Specifically, we used RNA sequencing (RNAseq) to comprehensively profile gene expression
from nasal brushings collected from subjects with mild to moderate asthma and controls,
creating the largest nasal RNAseq data set in asthma to date. Using a robust machine learning-
based pipeline comprised of feature selection [16], classification [17], and statistical analyses
[18], we identified an asthma gene panel that accurately differentiates subjects with and without
mild-moderate asthma. This pipeline was designed with a systems biology-based perspective
that many genes, even ones with marginal effects, can collectively classify phenotypes (here
asthma) more accurately than individual genes [19].

We validated this asthma gene panel on eight test sets of independent subjects with
asthma and other respiratory conditions, finding that it performed with high accuracy, sensitivity,
and specificity. As the study of nasal transcriptomics in asthma has been marked by small
studies thus far, our relatively large study importantly adds RNAseq data to the field while also
leveraging smaller existing data sets for external validation. We see our identification of a
diagnostic nasal brush-based classifier of asthma as the first step in the development of
minimally invasive, nasal biomarkers for asthma care, with translational development for clinical
implementation to follow next. As with any disease, the first step is to accurately identify affected
patients, and a next phase of research will be to develop nasal biomarkers to predict treatment

response.

Results

Study population and baseline characteristics
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87 We performed nasal brushing on 190 subjects for this study, including 66 subjects with

88  well-defined mild to moderate persistent asthma (based on symptoms, medication need, and

89 demonstrated airway hyper-responsiveness by methacholine challenge) and 124 subjects

90  without asthma (based on no personal or family history of asthma, normal spirometry, and no

91  bronchodilator response). The definitional criteria we used for mild-moderate asthma are

92  consistent with US National Heart Lung Blood Institute guidelines for the diagnosis of asthma

93 [7], and are the same criteria used in the longest NIH-sponsored study of mild-moderate asthma

94  [20, 21].

95 From these 190 subjects, a random selection of 150 subjects were a priori assigned as

96 the development set (to be used for asthma classifier development), and the remaining 40

97  subjects were a priori assigned as the RNAseq test set (to be used as one of 8 validation test

98  sets for testing of the asthma classifier identified from the development set).

99 The baseline characteristics of the subjects in the development set (n=150) are shown in
100 the left section of Table 1. The mean age of subjects with asthma was somewhat lower than
101  subjects without asthma, with slightly more male subjects with asthma and more female
102  subjects without asthma. Caucasians were more prevalent in subjects without asthma, which
103  was expected based on the inclusion criteria. Consistent with reversible airway obstruction that
104  characterizes asthma [2], subjects with asthma had significantly greater bronchodilator
105  response than control subjects (T-test P = 1.4 x 10”). Allergic rhinitis was more prevalent in
106  subjects with asthma (Fisher’s exact test P = 0.005), consistent with known comorbidity
107  between allergic rhinitis and asthma [22]. Rates of smoking between subjects with and without
108  asthma were not significantly different.

109 RNA isolated from nasal brushings from the subjects was of good quality, with mean RIN
110 7.8 (x1.1). The median number of paired-end reads per sample from RNA sequencing was 36.3
111 million. Following pre-processing (normalization and filtering) of the raw RNAseq data, 11,587

112  genes were used for statistical and machine learning analysis. VariancePartition analysis [23],
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113 which is designed to analyze the contribution of technical and biological factors to variation in
114  gene expression, showed that age, race, and sex contributed minimally to total gene expression
115  variance (Supplementary Figure 1). For this reason, we did not adjust the pre-processed

116 RNAseq data for these factors.

117 Differential gene expression analysis by DeSeq?2 [24] showed that 1613 and 1259 genes
118  were respectively over- and under-expressed in asthma cases versus controls (false discovery
119 rate (FDR) <0.05) (Supplementary Table 1). These genes were enriched for disease-relevant
120  pathways in the Molecular Signature Database [25], including immune system (fold change=3.6,
121  FDR=1.07 x 10?%), adaptive immune system (fold change=3.91, FDR=1.46 x 10™°), and innate
122 immune system (fold change=4.1, FDR=4.47 x 10°) (Supplementary Table 1).

123

124  Identifying a nasal brush-based classifier to predict asthma status

125 To identify a nasal brush-based classifier that accurately predicts asthma status using
126  the RNAseq data generated, we developed a rigorous machine learning pipeline that combined
127  feature (gene) selection [16] and classification techniques [17] that was applied to the

128  development set (Materials and Methods and Supplementary Figure 2). This pipeline was
129  designed with a systems biology-based perspective that many genes, even ones with marginal
130 effects, can collectively classify phenotypes (here asthma) more accurately than individual

131  genes. Each gene expression trait can be evaluated on its own or in combination with other

132 gene expression traits to assess how well it distinguishes asthma cases from controls (a

133 process referred to as feature selection). Once the most predictive gene expression traits

134  (features) are identified, various machine learning algorithms can be applied to build a classifier
135  that is optimized to predict asthma status as accurately as possible given the data (a process
136  referred to as classification analysis).

137 Feature selection in our pipeline involved a cross validation-based protocol [26] using

138  the well-established Recursive Feature Elimination (RFE) algorithm [16] combined with L,-
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139  regularized Logistic Regression (LR or Logistic) and Support Vector Machine (SVM-Linear

140  (kernel)) algorithms [17] (combinations referred to as LR-RFE and SVM-RFE respectively)

141  (Supplementary Figure 3). Classification analysis was then performed by applying four global
142  classification algorithms (SVM-Linear, AdaBoost, Random Forest, and Logistic) [17] to the

143  expression profiles of the gene sets identified by feature selection. To reduce the potential

144  adverse effect of overfitting, this process (feature selection and classification) was repeated 100
145  times on 100 random splits of the development set into training and holdout sets. The final

146  classifier was selected by statistically comparing the models in terms of both classification

147  performance and parsimony, i.e., the number of genes included in the model [18]

148  (Supplementary Figure 4).

149 Due to the imbalance of the two classes (asthma and controls) in our cohort (consistent
150  with imbalances in the general population), we used F-measure as the main evaluation metric in
151  our study [27]. This class-specific measure is a conservative mean of precision (predictive

152  value) and recall (same as sensitivity), and is described in detail in Box 1 and Supplementary
153  Figure 5. F-measure can range from 0 to 1, with higher values indicating superior classification
154  performance. An F-measure value of 0.5 does not represent a random model. To provide

155  context for our performance assessments, we also computed commonly used evaluation

156  measures, including positive and negative predictive values (PPVs and NPVs) and Area Under
157  the Receiver Operating Characteristic (ROC) Curve (AUC) scores (Box 1 and Supplementary

158  Figure 5).
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159

160 Box 1: Evaluation measures for predictive models

161 Many measures exist for evaluating the performance of classifiers. The most commonly
162  used evaluation measures in medicine are the positive and negative predictive values (PPV and
163 NPV respectively; Supplementary Figure 5), and Area Under the Receiver Operating

164  Characteristic (ROC) Curve (AUC score) [27]. However, these measures have several

165 limitations. PPV and NPV ignore the critical dimension of sensitivity [27]. For instance, a

166  classifier may predict perfectly for only one asthma sample in a cohort and make no predictions
167  for all other asthma samples. This will yield a PPV of 1, but poor sensitivity, since none of the
168  other asthma samples were identified by the classifier. ROC curves and their AUC scores do
169  not accurately reflect performance when the number of cases and controls in a sample are

170  imbalanced [27], which is frequently the case in clinical studies and medical practice. For such
171  situations, precision, recall, and F-measure (Supplementary Figure 5) are considered more
172 meaningful performance measures for classifier evaluation. Note that precision for cases (e.qg.
173 asthma) is equivalent to PPV, and precision for controls (e.g. no asthma) is equivalent to NPV
174  (Supplementary Figure 5). Recall is the same as sensitivity. F-measure is the harmonic

175  (conservative) mean of precision and recall that is computed separately for each class, and thus
176  provides a more comprehensive and reliable assessment of model performance for cohorts with
177  unbalanced class distributions. Like PPV, NPV and AUC, F-measure ranges from 0 to 1, with
178  higher values indicating superior classification performance, but a value of 0.5 for F-measure
179  does not represent a random model and could in some cases indicate superior performance
180  over random. For the above reasons, we consider F-measure as the primary evaluation

181  measure in our study, although we also provide PPV, NPV and AUC measures for context.

182
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183 The best performing and most parsimonious combination of feature selection and

184  classification algorithm identified by our machine learning pipeline was LR-RFE & Logistic

185  (Regression) (Supplementary Figure 4). The classifier inferred using this combination was built
186  on 90 predictive genes and will be henceforth referred to as the asthma gene panel. We

187 emphasize that the expression values of the panel’s 90 genes must be used in combination with
188  the Logistic classifier and the model’s optimal classification threshold (i.e. predicted

189 label=asthma if classifier’s probability output=0.76, else predicted label=no asthma) to be used
190 effectively for asthma classification.

191

192  Validation of the asthma gene panel classifier in an RNAseq test set of independent subjects
193 Our next step was to validate the asthma gene panel in an RNAseq test set of

194  independent subjects, for which we used the test set (n=40) of nasal RNAseq data from

195 independent subjects. The baseline characteristics of the subjects in this test set are shown in
196  the right section of Table 1. Subjects in the development and test sets were generally similar,
197  except for a lower prevalence of allergic rhinitis among those without asthma in the test set.

198 The asthma gene panel performed with high accuracy in the RNAseq test set's

199  independent subjects, achieving AUC = 0.994 (Figure 2), PPV 1.00, and NPV 0.96 (Figures 3B
200 and 3D, left most bar). In terms of the F-measure metric, the panel achieved F = 0.98 and 0.96
201  for classifying asthma and no asthma, respectively (Figures 3A and 3C, left most bar). For
202  comparison, the much lower performance of permutation-based random models is shown in

203  Supplementary Figure 6.

204 Our machine learning pipeline evaluated models from several combinations of feature
205  selection and classification algorithms to select the most predictive classifier. Potentially

206  predictive genes can also be identified from differential expression analysis and results from

207  prior asthma-related studies. Figure 4 shows the performance of the asthma gene panel in the

208 RNAseq test set relative to that of alternative classifiers trained on the development set using:
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209 (1) other classifiers tested in our machine learning pipeline, (2) all genes in our data set (11587
210 genes after filtering), (3) all differentially expressed genes in the development set (2872 genes)
211  (Supplementary Table 1), (4) genes associated with asthma from prior studies[28] (70 genes)
212 (Supplementary Table 2), and (5) a commonly used one-step classification model (L1-Logistic)
213 [29] (243 genes). The asthma gene panel identified by our pipeline outperformed all these

214  alternative classifiers despite its reliance on a small number of genes.

215 We emphasize that our panel produced more accurate predictions than models using all
216  genes, all differentially expressed genes, and all known asthma genes. This supports that data-
217  driven methods can build more effective classifiers than those built exclusively on traditional
218  statistical methods (which do not necessarily target classification), and current domain

219  knowledge (which may be incomplete and subject to investigation bias). Our panel also

220  outperformed and was more parsimonious than the model learned using the commonly used
221  L1-Logistic method, which combined feature selection and classification into a single step. The
222  fact that our asthma gene panel performed well in an independent RNAseq test set while also
223 outperforming alternative models lends confidence to the panel’'s classification ability.

224

225  Validation of the asthma gene panel in external asthma cohorts

226 To assess the generalizability of our asthma gene panel for asthma classification in

227  other populations and profiling platforms, we applied the panel to microarray-derived nasal gene
228  expression data generated from independent cohorts of asthmatics and controls : Asthmal

229 (GEO GSE19187)[30] and Asthma2 (GEO GSE46171)[31]. Supplementary Table 3

230 summarizes the characteristics of these external, independent case-control cohorts. In general,
231 RNAseg-based predictive models are not expected to translate well to microarray-profiled

232 samples [32, 33]. A major reason is that gene mappings do not perfectly correspond between

233 RNAseq and microarray due to disparities between array annotations and RNAseq gene models

10
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234 [33]. Our goal was to assess the performance of our asthma gene panel despite discordances in
235  study designs, sample collections, and gene expression profiling platforms.

236 The asthma gene panel performed relatively well (Figure 3 middle bars) and

237  consistently better than permutation-based random models (Supplementary Figure 6) in

238  classifying asthma and no asthma in both the Asthmal and Asthma2 microarray-based test

239  sets. The panel achieved similar F-measures in the two test sets (Figures 3A and 3C middle
240  bars), although the PPV and NPV measures were more dissimilar for Asthma2 (PPV 0.93, NPV
241 0.31) than for Asthmal (PPV 0.61, NPV 0.67) (Figure 3B and 3D middle bars). Although the
242  panel’s performance was better than its random counterparts for both these test sets, the

243 difference in this performance was smaller for Asthma2. This occurred partially because

244  Asthmaz2 includes many more asthma cases than controls (23 vs. 5), which is counter to the
245  expected distribution in the general population. In such a skewed data set, it is possible for a
246 random model to yield an artificially high F-measure for asthma by predicting every sample as
247  asthmatic. We verified that this occurred with the random models tested on Asthma2.

248 To assess how the asthma gene panel might perform in a larger external test set, we
249  combined samples from Asthmal and Asthma2 and performed the evaluation on this combined
250 set. We chose this approach because no single large, external dataset of nasal gene expression
251  in asthma exists, and combining cohorts could yield a joint test set with heterogeneity that

252  patrtially reflects real-life heterogeneity of asthma. As expected, all the performance measures
253  for this combined test set were intermediate to those for Asthmal and Asthma2 (Figure 3 right
254  most bars). These results supported that our panel also performs reasonably well in a larger
255  and more heterogeneous cohort.

256 Overall, despite the discordance of gene expression profiling platforms, study designs,
257  and sample collection methods, our asthma gene panel performed reasonably well in these

258  external test sets, supporting a degree of generalizability of the panel across platforms and

11
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259  cohorts. Such a translatable result is not frequently observed in genomic medicine research,
260  especially those based on gene expression [34, 35].

261

262  Specificity of the asthma gene panel: validation in external cohorts with non-asthma respiratory
263  conditions

264 To assess the specificity of our panel, we next sought to determine if it would misclassify
265  as asthma other respiratory conditions with symptoms that overlap with asthma. To this end, we
266  evaluated the performance of the asthma gene panel on nasal gene expression data derived
267  from case-control cohorts with allergic rhinitis (GSE43523) [36], upper respiratory infection

268 (GSE46171) [31], cystic fibrosis (GSE40445) [37], and smoking (GSE8987) [12].

269  Supplementary Table 4 details the characteristics for these external cohorts with non-asthma
270  respiratory conditions. In three of these five non-asthma cohorts (Allergic Rhinitis, Cystic

271  Fibrosis and Smoking), the panel appropriately produced one-sided classifications, i.e., samples
272 were all appropriately classified as “no asthma.” This is shown by the zero F-measure for the
273  positive (asthma) class (Figure 5A) and perfect F-measure for the negative (no asthma) class
274  (Figure 5C) obtained by the panel in these cohorts. In other words, the precision for the asthma
275  class (PPV) of our panel was exactly and appropriately zero (Figure 5B), and NPV was

276  perfectly 1.00 for these cohorts with non-asthma conditions (Figures 5D). The URI day 2 and 6
277  cohorts were slight deviations from these trends, where the panel achieved perfect NPVs of

278  1.00 (Figure 5D), but marginally lower F-measure for the “no asthma” class (Figure 5C) due to
279  slightly lower than perfect sensitivity. This may have been influenced by common inflammatory
280  pathways underlying early viral inflammation and asthma [38]. Nonetheless, consistent with the
281 other non-asthma test sets, the panel’s misclassification of URI as asthma was rare and

282  substantially less than its random counterpart classifiers (Supplementary Figure 7).

283 To assess the asthma gene panel’s performance if presented with a large,

284  heterogeneous collection of non-asthma respiratory conditions reflective of real clinical settings,

12
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285  we aggregated the non-asthma cohorts into a “Combined non-asthma” test set and applied the
286  asthma gene panel. The results included an appropriately zero F-measure for asthma and zero
287 PPV, and F-measure 0.97 for no asthma and NPV 1.00 (Figure 5, right most bars). Results
288  from the individual and combined non-asthma test sets collectively support that the asthma
289  gene panel would rarely misclassify other respiratory diseases as asthma.

290

291  Statistical and Pathway Examination of Genes in the Asthma Gene Panel

292 An interesting question to ask for a disease classification panel is how does its predictive
293  ability relate to the individual differential expression status of the genes constituting the panel?
294  We found that 46 of the 90 genes included in our panel were differentially expressed (FDR

295  <0.05), with 22 and 24 genes over- and under-expressed in asthma respectively (Figure 6,
296  Supplementary Table 1). More generally, the genes in our panel had lower differential

297  expression FDR values than other genes (Kolmogorov-Smirnov statistic=0.289, P-

298  value=2.73x10"%) (Supplementary Figure 8).

299 In terms of biological function, pathway enrichment analysis of our panel’s 90 genes,
300 though statistically limited by the small number of genes, yielded enrichment for pathways

301 including defense response (fold change=2.86, FDR=0.006) and response to external stimulus
302  (fold change=2.50, FDR=0.012). Only four (C3, DEFB1, CYFIP2 and GSTT1) of the 90 genes
303 are known asthma genes and are functionally involved in complement activation, microbicidal
304  activity, T-cell differentiation, and oxidative stress, respectively [28]. These results suggest that
305 our machine learning pipeline was able to extract information beyond individually differentially
306  expressed or previously known asthma genes, allowing for the identification of a parsimonious

307 panel of genes that collectively enabled accurate asthma classification.

13
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308 Discussion

309 We identified a panel of genes expressed in nasal brushings that accurately classifies
310  subjects with mild/moderate asthma from controls. This nasal brush-based panel, consisting of
311  the expression profiles of 90 genes interpreted via a logistic regression classification model,

312 performed with high precision (PPV=1.00 and NPV=0.96) and recall for classifying asthma

313 (AUC=0.994). The performance of the asthma gene panel across independent asthma test sets
314 demonstrates the generalizability of the panel across study populations and two major

315  modalities of gene expression profiling (RNAseq and microarray). Additionally, the panel’s low
316  to zero rate of misclassification on external cohorts with non-asthma respiratory conditions

317  supported the specificity of this panel.

318 Our nasal brush-based asthma gene panel is based on the common biology of the upper
319  and lower airway, a concept supported by clinical practice and previous findings [12-15].

320  Clinically, we rely on the united airway by screening for lower airway infections (e.g. influenza,
321  methicillin-resistant Staphylococcus aureus) with nasal swabs [39]. Sridhar et al. found that

322 gene expression consequences of tobacco smoking in bronchial epithelial cells were reflected in
323  nasal epithelium [12]. Wagener et al. compared gene expression in the nasal and bronchial

324  epithelia from 17 subjects, finding that 99% of the 33,000 genes tested exhibited no differential
325  expression between the nasal and bronchial epithelia in those with airway disease [13]. In a

326  study of 30 children, Guajardo et al. identified gene clusters with differential expression in nasal
327  epithelium between subjects with exacerbated asthma vs. controls [14]. The above studies were
328  done with small sample sizes and microarray technology. More recently, Poole et al. compared
329  RNAseq profiles of nasal brushings from 10 asthmatic and 10 control subjects to publicly

330 available bronchial transcriptional data, finding correlation (p = 0.87) between nasal and

331  bronchial transcripts, as well as correlation (p=0.77) between nasal differential expression and

332 previously observed bronchial differential expression in asthmatics [15]. To our knowledge, our

14
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333  study has generated the largest nasal RNAseq data set in asthma to date and is the first to

334 identify a nasal brush-based classifier of asthma.

335 Although based on only 90 genes, our asthma gene panel classified asthma with greater
336  accuracy than models based on all genes, all differentially expressed genes, and known asthma
337 genes (Figure 4). Its superior performance supports that our machine learning pipeline

338  successfully selected a parsimonious set of informative genes that (1) captures more actionable
339  knowledge than traditional differential expression and genetic association analyses, and (2) cuts
340 through the potential noise of genes irrelevant to asthma. These results show that data-driven
341  methods can build more effective classifiers than those built exclusively on current domain

342  knowledge. About half the genes in our asthma gene panel were not differentially expressed at
343  FDR =£0.05, and as such would not have been examined with greater interest had we only

344  performed traditional differential expression analysis, which is the main analytic approach of

345  virtually all studies of gene expression in asthma. [12-15, 40, 41]. Consistent with basic

346  hypotheses underlying systems biology approaches, our study demonstrated that the asthma
347  gene panel captures signal from differential expression as well as genes below traditional

348  significance thresholds that may still have a contributory role to asthma classification. Only four
349  of the 90 genes (complement component 3 (C3), defensing beta-1 (DEFB1), cytoplasmic FMR1
350 interacting protein (CYFIP2) and glutathione S-transferase theta 1 (GSTTL1)) were previously
351 identified to be relevant to asthma by genetic association studies [28].

352 Our asthma gene panel has the potential to be developed into a minimally invasive

353 biomarker to aid asthma diagnosis at clinical frontlines, where time and resources often

354  preclude pulmonary function testing (PFT). Nasal brushing can be performed quickly, does not
355  require machinery for collection, and implementation of our classification model yields a

356  straightforward, binary result of asthma or no asthma. According to the Global Initiative for

357  Asthma and US National Heart Lung Blood Institute, the diagnosis of asthma should be based

358 on a history of typical symptoms and objective findings of variable expiratory airflow limitation by
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359  PFT [6, 7]. Practically, however, objective measures are often not obtained. Patients with

360 mild/moderate asthma are frequently asymptomatic at the time of exam. PFTs are often not
361 done, with one study showing that over half of 465,866 patients over age 7 years with newly
362  diagnosed asthma had no PFTs performed within a 3.5 year window surrounding diagnosis [8].
363  Clinicians defer PFTs due to lack of equipment, time, and/or expertise to perform and interpret
364  results [8, 9]. Diagnosing asthma based on history alone contributes to its under-diagnosis, as
365  patients with asthma under-perceive and under-report their symptoms [11]. Misdiagnosis of
366 asthma also occurs frequently given overlapping symptoms between asthma and other

367 conditions [42]. Even if PFTs are obtained, spirometric abnormalities in mild/moderate

368 asthmatics are not always present. An objective, accurate diagnostic classifier that is easy to
369  obtain and interpret with minimal effort from the provider and patient could improve asthma
370  diagnostic accuracy so that appropriate management can then be pursued.

371 Implementation of the asthma gene panel could involve clinicians brushing a patient’s
372 nose, placing the brush in a prepackaged tube, and submitting the sample for gene expression
373  profiling targeted to the panel. Some platforms allow for direct transcriptional profiling of tissue
374  without an RNA isolation step, avoiding inconveniences associated with direct RNA work [43,
375  44] and yielding comparable results to RNAseq [45]. Bioinformatic interpretation of the output
376  via the logistic regression-based classifier and classification threshold check could be

377 automated, resulting in a determination of asthma or no asthma for the clinician to consider.
378  Gene expression-based diagnostic classifiers are being successfully used in other disease
379  areas, with prominent examples including the commercially available MammaPrint [46] and
380 Oncotype DX [47] for diagnosing/predicting breast cancer phenotypes. These examples from
381 the cancer field demonstrate an existing path for moving a diagnostic gene panel such as ours
382  to clinical use.

383 Because it takes seconds for nasal brushing, an asthma gene panel such as ours may

384  Dbe attractive to time-strapped clinicians, particularly primary care providers at the frontlines of
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385 asthma diagnosis. Asthma is frequently diagnosed and treated in the primary care setting [48]
386  where access to PFTs is often not immediately available. Although PFTs yield results without
387 specimen handling, these advantages do not seem to overcome its logistical limitations as

388 evidenced by their low rate of real-life implementation [8, 9]. The direct costs of our panel are
389 likely to be slightly higher than PFTs. Targeted profiling of our 90-gene panel currently costs
390 about $100 per sample, while PFTs cost about $80 according to the Medicare Physician Fee
391  Schedule [49]. However, gene expression profiling costs are likely to decrease [50], and

392 implementation of the asthma gene panel could result in cost savings if it reduces the under-
393  diagnosis and misdiagnosis of asthma [4]. Undiagnosed asthma leads to costly healthcare

394  utilization worldwide [4], including in the United States, where asthma accounts for $56 billion in
395 medical costs, lost school and work days, and early deaths [51]. Clinical implementation of our
396 asthma gene panel could identify undiagnosed asthma, leading to its appropriate management
397  before high healthcare costs from unrecognized asthma are incurred. Given the panel’s

398 demonstrated specificity, use of our asthma gene panel could also reduce asthma misdiagnosis
399 Dby correctly providing a determination of “no asthma” in non-asthmatic subjects with conditions
400  often confused with asthma. Clinical benefit from gene-expression based classification has

401  already been seen in the breast cancer field, where use of the 70-gene panel test MammaPrint
402  to guide chemotherapy in a clinical trial leads to a lower 5-year rate of survival without

403  metastasis compared to standard management [46].

404 We recognize that our asthma gene panel did not perform quite as well in the

405  microarray-based vs. RNAseq-based asthma test sets, which was to be expected due to

406  differences in study design and technological factors between RNAseq and microarray profiling.
407  First, the baseline characteristics and phenotyping of the subjects differed. Subjects in the

408 RNAseq test set were adults who were classified as mild/moderate asthmatic or healthy using
409  the same strict criteria as the development set, which required subjects with asthma to have an

410  objective measure of obstructive airway disease (i.e. positive methacholine challenge
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411  response). In contrast, subjects in the Asthmal microarray test set were all children (i.e. not
412  adults) with nasal pathology, as entry criteria included dust mite allergic rhinitis specifically [30]
413  (Supplementary Table 3). Subjects from the Asthma2 cohort were adults who were classified
414  as having asthma or healthy based on history. As mentioned, the diagnosis of asthma based on
415  history alone without objective lung function testing can be inaccurate [52]. The phenotypic

416  differences between these test sets alone could explain differences in performance of our

417  asthma gene panel in these test sets. Second, the differential performance may be due to the
418  difference in profiling approach. Gene mappings do not perfectly correspond between RNAseq
419  and microarray due to disparities between array annotations and RNAseq gene models [33].
420  Compared to microarrays, RNAseq quantifies more RNA species and captures a wider range of
421  signal [40]. Prior studies have shown that microarray-derived models can reliably predict

422  phenotypes based on samples’ RNAseq profiles, but the converse does not often hold [33].

423  Despite the above limitations, our asthma gene panel performed with reasonable accuracy in
424 classifying asthma in these independent microarray-based test sets. These results support a
425  degree of generalizability of our panel to asthma populations that may be phenotyped or profiled
426  differently.

427 An effective clinical classifier should have good positive and negative predictive value
428  [53]. In our case, if an individual has asthma, the ideal classifier would reliably indicate asthma
429  so that an accurate diagnosis is made, and if an individual does not have asthma, the ideal

430 classifier would indicate “no asthma” so that misdiagnosis does not occur. This was indeed the
431  case with our asthma gene panel, which achieved high positive and negative predictive values
432 of 1.00 and 0.96 respectively in the RNAseq test set. We also tested our asthma gene panel on
433  independent tests sets of subjects with allergic rhinitis, upper respiratory infection, cystic

434  fibrosis, and smoking, and showed that the panel had a low to zero rate of misclassifying other
435  respiratory conditions as asthma (Figure 5). These results were particularly notable for allergic

436  rhinitis, a predominantly nasal condition. Although our panel is based on nasal gene expression,
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437  and asthma and allergic rhinitis frequently co-occur [22], our panel did not misdiagnose allergic
438 rhinitis as asthma. Although these conclusions are based on relatively small validation sets due
439  to the scarcity of nasal gene expression data in the public domain, the strong performance of
440  our panel gives hope that it will be generalizable and specific in other larger cohorts as well.

441 One of the current limitations of using RNAseq is the cost of processing large number of
442  samples and generating large datasets. Although we have generated one of the largest nasal
443  RNAseq data set in asthma to date, a future direction of this study is to recruit additional cohorts
444  for nasal gene expression profiling and extend validation of our findings in a prospective

445  manner, which will aid in the panel’s path to clinical translation. This will also be facilitated by
446  the rapidly falling costs of sequencing technologies [50], especially if done in a targeted manner.
447  We recognize that our development set was from a single center and its baseline characteristics
448  do not characterize all populations. For example, the development set consisted of adults, and
449  our control subjects were largely Caucasian. However, variancePartition analysis demonstrated
450  minimal contribution of age, race, and gender to gene expression variance in our data

451  (Supplementary Figure 1). We also find it reassuring that the panel performed reasonably well
452  in multiple external data sets spanning children and adults of varied racial distributions, and with
453  asthma and other respiratory conditions defined by heterogeneous criteria. Subjects with

454  asthma in our development cohort were not all symptomatic at the time of sampling. The fact
455  that the performance of our asthma gene panel does not rely on symptomatic asthma is a

456  strength, as many mild/moderate asthmatics are only sporadically symptomatic given the

457  fluctuating nature of the disease.

458 We see our diagnostic nasal brush-based classifier of asthma as the first step in the

459  development of nasal biomarkers for multiple aspects of asthma care. As with any disease, the
460  first step is to accurately identify affected patients. The asthma gene panel described in this

461  study provides an accurate path to this critical diagnostic step. With a correct diagnosis, an

462  array of existing asthma treatment options can be considered [6]. A next phase of research will
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463  be to develop a nasal biomarker to predict endotypes and treatment response, so that asthma
464  treatment can be targeted, and even personalized, with greater efficiency and effectiveness

465  [54].

466 In summary, we applied RNA sequencing and machine learning to identify a panel of
467  genes expressed in nasal brushings that accurately classifies subjects with mild/moderate

468  asthma from controls. This panel performed with accuracy across independent and external test
469  sets, indicating reasonable generalizability across study populations and gene expression

470  profiling modality, as well as specificity to asthma. Our asthma gene panel has the potential to
471  be developed into a clinical biomarker to aid in asthma diagnosis, as it could be quickly obtained
472 by simple nasal brush, does not require machinery for collection, and can be easily interpreted.
473  Technical translation of panel implementation in the clinical environment, as well as prospective
474  trials of its clinical effectiveness as a diagnostic asthma biomarker, are needed next. If further
475  developed and applied to clinical practice, this nasal brush-based asthma gene panel could

476  improve asthma detection and care.
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477  Materials and Methods

478  Study design and subjects

479 Subjects with mild/moderate asthma were a subset of participants of the Childhood

480  Asthma Management Program (CAMP), a multicenter North American study of 1041 subjects
481  with mild to moderate persistent asthma [20, 21]. Findings from the CAMP cohort have defined
482  current practice and guidelines for asthma care and research [21]. Asthma was defined by

483  symptoms >2 times per week, use of an inhaled bronchodilator > twice weekly or use of daily
484 medication for asthma, and increased airway responsiveness to methacholine (PC»,<12.5

485  mg/ml). The subset of subjects included in this study were CAMP participants who presented for
486  a visit between July 2011 and June 2012 at Brigham and Women'’s Hospital (Boston, MA), one
487  of the eight study centers for CAMP.

488 Subjects with “no asthma” were recruited during the same time period by advertisement
489  at Brigham & Women’s Hospital. Selection criteria were no personal history of asthma, no family
490  history of asthma in first-degree relatives, and self-described Caucasian ethnicity. Participation
491  was limited to Caucasian individuals because a concurrent independent study was planned that
492  would compare these same subjects to 968 Caucasian CAMP subjects who participated in the
493  CAMP Genetics Ancillary study [55]. Subjects underwent pre- and post-bronchodilator

494  spirometry according to American Thoracic Society guidelines. Only those meeting selection
495  criteria and with demonstrated normal lung function without bronchodilator response were

496  considered to have “no asthma.”

497

498  Nasal brushing and RNA sequencing

499 Nasal brushing was performed with a cytology brush. Brushes were immediately placed
500 in RNALater (ThermoFisher Scientific, Waltham, MA) and then stored at 40°C until RNA

501  extraction. RNA extraction was performed with Qiagen RNeasy Mini Kit (Valencia, CA).
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502  Samples were assessed for yield and quality using the 2100 Bioanalyzer (Agilent Technologies,
503 Santa Clara, CA) and Qubit fluorometry (Thermo Fisher Scientific, Grand Island, NY).

504 Of the 190 subjects who underwent nasal brushing (66 with mild/moderate asthma, 124
505  with no asthma), a random selection of 150 subjects were a priori assigned as the development
506  set (for classification model development), with the 40 remaining subjects earmarked to serve
507 as a test set of independent subjects (for testing the classification model). To minimize potential
508 batch effects, all samples were submitted together for RNA sequencing (RNAseq). Staff at the
509  Mount Sinai genomics core were blinded to the assignment of samples as development or test
510  set. The sequencing library was prepared with the standard TruSeq RNA Sample Prep Kit v2
511  protocol (lllumina). The mRNA libraries were sequenced on the Illumina HiSeq 2500 platform
512  with a per-sample target of 40-50 million 100 bp paired-end reads. The data were put through
513  Mount Sinai’'s standard mapping pipeline[56] (using Bowtie [57] and TopHat [58], and

514  assembled into gene- and transcription-level summaries using Cufflinks [59]). Mapped data

515  were subjected to quality control with FastQC and RNA-SeQC [60]. Data were pre-processed
516  separately for the development and test sets to avoid leakage of information across the two data
517  sets and maintain fairness of the machine learning procedures as much as possible. Genes with
518  fewer than 100 counts in at least half the samples were dropped to reduce the potentially

519 adverse effects of noise. DESeq2 [24] was used to normalize the data sets using its variance
520  stabilizing transformation method.

521

522  VariancePartition Analysis of Potential Confounders

523 Given differences in age, race, and sex distributions between the asthma and “no

524  asthma” classes, we used the variancePartition method [23] to assess the degree to which

525 these variables influenced gene expression and potentially confounded the target phenotype
526  (asthma status). The total variance in gene expression was partitioned into the variance

527  attributable to age, race, and sex using a linear mixed model implemented in variancePartition
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528 v1.0.0 [23]. Age (continuous variable) was modeled as a fixed effect while race and sex

529  (categorical variables) were modeled as random effects. The results showed that age, race, and
530 sex accounted for minimal contributions to total gene expression variance (Supplementary

531  Figure 1). Downstream analyses were therefore performed with gene expression data

532  unadjusted for these variables.

533

534  Differential gene expression and pathway enrichment analysis

535 DESeq2 [24] was used to identify differentially expressed genes in the development set.
536  Genes with FDR < 0.05 were deemed differentially expressed, with fold change <1 implying
537 under-expression and vice versa. To identify the functions underlying these genes, pathway
538 enrichment analysis was performed using the Gene Set Enrichment Analysis method applied to
539  the Molecular Signature Database (MSigDB) [25].

540

541 Identification of the Asthma Gene Panel by Machine Learning Analyses of the RNAseq

542  Development Set

543 To identify gene expression-based classifiers that predict asthma status, we applied a
544  rigorous machine learning pipeline implemented in Python using the scikit-learn package [61]
545  that combined feature (gene) selection [16], classification [17], and statistical analyses of

546  classification performance [18] to the development set (Supplementary Figure 2). Feature

547  selection and classification were applied to a training set comprised of 120 randomly selected
548  samples from the development set (n=150) as described below. For an independent evaluation
549  of the candidate classifiers generated from the training set by this process, they were then

550 evaluated on the remaining 30 samples (holdout set). Finally, to reduce the dependence of the
551 finally chosen classifier on a specific training-holdout split, this process was repeated 100 times
552  on 100 random splits of the development set into training and holdout sets. The details of the

553  overall process as well as the individual components are as follows.
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554 Feature selection: The purpose of the feature selection component was to identify

555  subsets of the full set of genes in the development set, whose expression profiles could be used
556  to predict the asthma status as accurately as possible. The two main computations constituting
557  this component were (i) the optimal number of features that should be selected, and (ii) the

558 identification of this number of genes from the full gene set. To reduce the likelihood of

559  overfitting when conducting both these computations on the entire training set, we used a 5x5
560 nested (outer and inner) cross-validation (CV) setup [26] for selecting features from the training
561  set (Supplementary Figure 3). The inner CV round was used to determine the optimal number
562  of genes to be selected, and the outer CV round was used to select the set of predictive genes
563  based on this number, thus separating the samples on which these decisions are made. The
564  supervised Recursive Feature Elimination (RFE) algorithm [62] was executed on the inner CV
565 training split to determine the optimal number of features. The use of RFE within this setting

566  enabled us to identify groups of features that are collectively, but not necessarily individually,
567  predictive. This reflects our systems biology-based expectation that many genes, even ones
568  with marginal effects, can play a role in classifying diseases/phenotypes (here asthma) in

569  combination with other more strongly predictive genes [19]. Specifically, we used the L2-

570 regularized Logistic Regression (LR or Logistic) [63] and SVM-Linear (kernel) [64] classification
571  algorithms in conjunction with RFE (combinations henceforth referred to as LR-RFE and SVM-
572  RFE respectively). For this, for a given inner CV training split, all the features (genes) were

573  ranked using the absolute values of the weights assigned to them by an inner classification

574 model, trained using the LR or SVM algorithm, over this split. Next, for each of the conjunctions,
575  the set of top-k ranked features, with k starting with 11587 (all filtered genes) and being reduced
576 by 10% in each iteration until k=1, was considered. The discriminative strength of feature sets
577  consisting of the top k features as per this ranking was assessed by evaluating the performance
578 of the LR or SVM classifier based on them over all the inner CV training-test splits. The optimal

579  number of features to be selected was determined as the value of k that produces the best

24


https://doi.org/10.1101/145771

bioRxiv preprint doi: https://doi.org/10.1101/145771; this version posted July 10, 2017. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Pandey et al., p.25

580  performance. Next, a ranking of features was derived from the outer CV training split using
581  exactly the same procedure as applied to the inner CV training split. The optimal number of
582  features determined above was selected from the top of this ranking to determine the optimal
583  set of predictive features for this outer CV training split. Executing this process over all the five
584  outer CV training splits created from the development set identified five such sets. Finally, the
585  set of features (genes) that was common to all these sets (i.e. in their intersection/overlap),
586  which is expected to yield a more robust feature set than the individual outer CV splits, was
587  selected as the predictive gene set for this training set. One such set was identified for each of
588 LR-RFE and SVM-RFE.

589 Classification analyses: Once predictive gene sets had been selected from feature

590 selection, four global classification algorithms (L2-regularized Logistic Regression (LR or

591  Logistic) [63], SVM-Linear [64], AdaBoost [65], and Random Forest (RF) [66]) were used to
592 learn intermediate classification models over the training set. These intermediate models were
593 then applied to the corresponding holdout set to generate probabilistic asthma predictions for
594  the samples. An optimal threshold for converting these probabilistic predictions into binary ones
595  (higher than threshold=asthma, lower than threshold=no asthma) was then computed as the
596 threshold that yielded the highest classification performance on the holdout set. This

597  optimization resulted in the proposed classification models.

598 Statistical analyses of classification performance: After the above components have
599  been run on 100 training-holdout splits of the development set, we obtain 100 proposed

600 classification models for each of eight feature selection-global classification combinations (two
601  feature selection algorithms (LR-RFE and SVM-RFE) and four global classification algorithms
602  Logistic, SVM-Linear, AdaBoost and RF). The next step of our pipeline was to determine the
603  best performing combination. Instead of making this determination just based on the highest
604  evaluation score, as is typically done in ML studies, we utilized this large population of models

605 and their optimized holdout evaluation scores to conduct a statistical comparison to make this
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606  determination. Specifically, we applied the Friedman test followed by the Nemenyi test [18, 67]
607 to this population of modules and their evaluation scores. These tests, which account for

608  multiple hypothesis testing, assessed the statistical significance of the relative difference of
609  performance of the combinations in terms of their relative ranks across the 100 splits.

610 Optimization for parsimony: For an effective phenotype classifier, it is essential to

611  consider parsimony in model selection (i.e. minimize number of features (i.e. genes)) to

612  enhance its biological and clinical utility and acceptability. To enforce this for our classifier, an
613  adapted performance measure, defined as the absolute performance measure (F-measure)
614  divided by the number of genes in that model, was used for the above statistical comparison,
615 i.e. as input to the Friedman-Nemenyi tests. In terms of this measure, a model that does not
616  obtain the best performance measure among all models, but uses much fewer genes than the
617  others, may be judged to be the best model. The result of the statistical comparison using this
618 adapted measure was visualized as a Critical Difference plot [18] (Supplementary Figure 4),
619  and enabled us to identify the best combination of feature selection and classification method as
620  the left-most entry in this plot.

621 Final model development: The final step in our pipeline was to determine the

622  representative model out of the 100 learned the above best combination by finding which of
623  these models yielded the highest evaluation measure (F-measure). In case of ties among

624  multiple candidates, the gene set that produced the best average asthma classification F-

625 measure (Box 1 and Supplementary Figure 5) across all four global classification algorithms
626  was chosen as the gene set constituting the representative model for that combination. This
627  analysis yielded the representative gene set, global classification algorithm, and the optimized
628  asthma classification threshold. Finally, our asthma gene panel was built by training the global
629 classification algorithm to the expression profiles of the representative gene set, and using the
630  optimized threshold for classifying samples with and without asthma.

631
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632  Validation of the Asthma Gene Panel in an RNAseq test set of independent subjects

633 The asthma gene panel identified by our machine learning pipeline was then tested on
634 the RNAseq test set (n=40) to assess its performance in independent subjects. F-measure was
635 used as the primary measure for classification performance, as described in Box 1 and

636  Supplementary Figure 5. AUC, PPV and NPV were additionally calculated for context.

637

638 Performance Comparison to Alternative Classification Models

639 For comparison, the same machine learning methodology was used to train and

640 evaluate models from all combinations of feature selection and global classification methods
641  considered in our pipeline. We also applied our machine learning pipeline with replacement of
642  the feature (gene) selection step with these pre-determined gene sets: (1) all filtered RNAseq
643  genes, (2) all differentially expressed genes, and (3) known asthma genes from a recent review
644  of asthma genetics [28]. To maintain consistency with the machine learning pipeline-derived
645  models, these were each used as a predetermined gene set that was run through the same
646  pipeline (Supplementary Figure 2 with the feature selection component turned off) to identify
647  the best performing global classification algorithm and the optimal asthma classification

648 threshold for this predetermined set of features. The algorithm and threshold were used to train
649  each of these gene sets’ representative classification model over the entire development set,
650 and the resulting model for each of these gene sets was then evaluated on the RNAseq test set.
651  Finally, as a baseline representative of alternative sparse classification algorithms, which

652  represent a one-step option for doing feature selection and classification simultaneously, we
653  also trained an L1-regularized logistic regression model (L1-Logistic) [29] on the development
654  set and evaluated it on the RNAseq test set.

655

656  Performance Comparison to Permutation-based Random Models
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657 To determine the extent to which the performance of all the above classification models
658 could have been due to chance, we compared their performance with that of their random

659  counterpart models (Supplementary Figure 6, Supplementary Figure 7). These counterparts
660  were obtained by randomly permuting the labels of the samples in the development set and
661  executing each of the above model training procedures on these randomized data sets in the
662  same way as for the real development set. These random models were then applied to each of
663  the test sets considered in our study, and their performances were also evaluated in terms of
664  the same measures. For each of real models tested in our study, 100 corresponding random
665 models were learned and evaluated as above, and the performance of the real models was
666  compared with the average performance of the corresponding random models.

667

668  Validation of the asthma gene panel in external independent asthma cohorts

669 To assess the generalizability of the asthma gene panel to other populations,

670  microarray-profiled data sets of nasal gene expression from two external asthma cohorts--

671  Asthmal (GSE19187) [30] and Asthma2 (GSE46171) [31] (Supplementary Table 3)-- were
672  obtained from NCBI Gene Expression Omnibus (GEO) [68]. The asthma gene panel was then
673  applied and its performance evaluated on these external asthma cohorts..

674

675  Validation of the asthma gene panel in external cohorts with other respiratory conditions

676 To assess the panel’s ability to distinguish asthma from respiratory conditions that can
677  have overlapping symptoms with asthma, i.e. its specificity to asthma, microarray-profiled data
678  sets of nasal gene expression were also obtained for five external cohorts with allergic rhinitis
679  (GSE43523) [36], upper respiratory infection (GSE46171) [31], cystic fibrosis (GSE40445) [37],
680 and smoking (GSE8987) [12] (Supplementary Table 4). The asthma gene panel was then
681  applied and its performance evaluated on these external cohorts with non-asthma respiratory

682 conditions.
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685 https://www.synapse.org/#!Synapse:syn9878922/files/
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Figure Legends

Figure 1: Study flow for the identification of a nasal brush-based classifier of asthma by
machine learning analysis of RNAseq data. Subjects with mild/moderate asthma and controls
without asthma were recruited for phenotyping, nasal brushing, and RNA sequencing of nasal
brushings. The RNAseq data generated were then a priori split into development and test sets.
The development set was used for differential expression analysis and machine learning
(involving feature selection, classification, and statistical analyses of classification performance)
to identify an asthma gene panel that can accurately classify asthma from no asthma. The
asthma gene panel was then tested on eight validation test sets, including (1) the RNAseq test
set of independent subjects with and without asthma, (2) two external test sets of subjects with
and without asthma with nasal gene expression profiled by microarray, and (3) five external test
sets of subjects with non-asthma respiratory conditions (allergic rhinitis, upper respiratory

infection, cystic fibrosis, and smoking) and nasal gene expression profiled by microarray.

Figure 2: Receiver operating characteristic (ROC) curve of the predictions generated by
applying the asthma gene panel to the samples in the RNAseq test set of independent
subjects (n=40). The ROC curve for a random model is shown for reference. The curve and its
corresponding AUC score show that the panel performs well for both asthma and no asthma

(control) samples in this test set.

Figure 3: Validation of the asthma gene panel on test sets of independent subjects with
asthma. Performance of the asthma panel in classifying asthma (A) and no asthma (C) in terms
of F-measure, a conservative mean of precision and sensitivity. F-measure ranges from 0 to 1,
with higher values indicating superior classification performance. The panel was applied to an

RNAseq test set of independent subjects with and without asthma, and two external microarray
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data sets from subjects with and without asthma (Asthmal and Asthma?2). Positive (B) and

negative (D) predictive values are also provided for context.

Figure 4: Comparative performance of the asthma gene panel and other classification
models in the RNAseq test set. Performances of the asthma gene panel and other
classification models in classifying asthma (left panel) and no asthma (right panel) are shown in
terms of F-measure, with individual measures shown in the bars. The number of genes in each
model is shown in parentheses within the bars. The asthma gene panel is labeled in red and
classification models learned from the machine learning pipeline using other combinations of
feature selection and classification are labeled in black. These other classification models were
combinations of two feature selection algorithms (LR-RFE and SVM-RFE) and four global
classification algorithms (Logistic Regression, SVM-Linear, AdaBoost and Random Forest). For
context, alternative classification models (labeled in blue) are also shown and include: (1) a
model derived from an alternative, single-step classification approach (sparse classification
model learned using the L1-Logistic regression algorithm), and (2) models substituting feature
selection with each of the following preselected gene sets - all genes after filtering, all
differentially expressed genes in the development set, and known asthma genes [28] - with their
respective best performing global classification algorithms. These results show the superior
performance of the asthma gene panel compared to all other models, in terms of classification
performance and model parsimony (number of genes included). LR = Logistic Regression. SVM

= Support Vector Machine. RFE = Recursive Feature Elimination. RF = Random Forest.

Figure 5: Validation of the asthma gene panel on test sets of independent subjects with
non-asthma respiratory conditions. Performance statistics of the panel when applied to
external microarray-generated data sets of nasal gene expression derived from case/control

cohorts with non-asthma respiratory conditions. Performance is shown in terms of F measure (A
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and C), a conservative mean of precision and sensitivity, as well as positive (B) and negative
predictive values (D). The panel had a low to zero rate of misclassifying other respiratory
conditions as asthma, supporting that the panel is specific to asthma and would not misclassify

other respiratory conditions as asthma.

Figure 6: Heatmap showing expression profiles of the 90 gene members of the asthma
gene panel. Columns shaded pink at the top denote asthma samples, while samples from
subjects without asthma are denoted by columns shaded grey. 22 and 24 of these genes were
over- and under-expressed in asthma samples (DESeg2 FDR < 0.05), denoted by orange and
purple groups of rows, respectively. The four genes in this set that have been previously
associated with asthma [28] are marked in blue. The panel’s inclusion of genes not previously
known to be associated with asthma as well as genes not differentially expressed in asthma
(beige group of rows) demonstrates the ability of our machine learning methodology to move

beyond traditional analyses of differential expression and current domain knowledge.
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Development

Development set Test Set vs. Test Set
P value®
All Asthma No Asthma All Asthma No Asthma
(n=150) (n=53) (n=97) (n=40) (n=13) (n=27)
Age: years 26.9 (5.4) 25.7 (2.0) 27.6 (6.5) 26.2 (5.1) 25.3(2.1) 26.6 (6.1) 0.47
Sex: female 89 (59.3%) 24 (45.3%) 65 (67.0%) 21 (52.5%) 2 (15.3%) 19 (70.4%) 0.40
Race 0.60
Caucasian 116 (77.3%) 21 (40.4%) 96 (99.0%) 32 (80.0%) 5 (38.5%) 27 (100.0%)
African o o o o o o
American 24 (16.0%) 23 (43.4%) 1 (1.0%) 5 (12.5%) 5 (38.5%) 0 (0.0%)
Latino 5 (3.3%) 5 (9.4%) 0 (0.0%) 3 (7.5%) 3 (23.1%) 0 (0.0%)
Other 5 (3.3%) 4 (7.5%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
FEV1™: 0
% predicted 94.7 (10.0) 94.6% (10.9) 94.8 (9.7) 94.5 (11.4) 94.4 (12.0) 94.6 (11.3) 0.90
FEV1/FVC™: % 82.5 (6.4) 81.5(6.7) 83.1 (6.3) 82.7 (5.5) 84.8 (4.4) 81.6 (5.8) 0.91
Bronchodilator
response: % 5.6 (6.0) 8.7 (6.4) 3.9(5.1) 4.5 (5.4) 7.0 (6.1) 3.3(4.7) 0.29
Age asthma 32(2.7) n/a 3.4(2.0) 0.78
onset: years
Allergic rhinitis 60 (40.0%) 29 (54.7%) 31 (32.0%) 7 (17.5%) 7 (53.8%) 0 (0.0%) 0.009
Nasal steroids 14 (9.3%) 9 (17.0%) 5 (5.2%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0.07
Smoking 7 (4.7%) 1(1.9%) 6 (6.2%) 1 (2.5%) 0 (0.0%) 1(3.7%) 1.0

Mean (SD) or Number (%) provided

Apre-bronchodilator measures. FEV1 = forced expiratory flow volume in 1 second, FVC = forced vital capacity

BFisher’s Exact test for categorical variables and t-test for continuous variables

42

‘uoissiwad INOYIM pamolje asnal oN "pPaAlasal sybu ||y Japuny/ioyine ayl sl (Malnal Jaad Ag panniad
Jou sem yaiym) uudaud siyy 1oy Japjoy BuAdod ayL 210z ‘0T AInC paisod uolsian sIul T2 /.SpT/TOTT 0T/B10"10p//:sdny :1op uudaid Aixygolq


https://doi.org/10.1101/145771

bioRxiv preprint doi: https://doi.org/10.1101/145771; this version posted July 10, 2017. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Pandey et al., p.43

Supplementary Materials

Supplementary Figure 1: variancePartition analysis of the RNAseq development set.

Supplementary Figure 2: Visual description of the machine learning pipeline used to select
predictive features (genes) and develop classification models based on them in the RNAseq
development set.

Supplementary Figure 3: Visual description of the feature (gene) selection component of the
machine learning pipeline.

Supplementary Figure 4: Critical Difference plots demonstrating results of the statistical
comparison of the performance of 100 asthma classification models obtained by various
combinations of feature selection and global classification algorithms in terms of the
classification performance and parsimony (numbers of genes included) of the models.

Supplementary Figure 5: Evaluation measures for classification models.

Supplementary Figure 6: Performance of permutation-based random classification models in
test sets of independent subjects with asthma and controls.

Supplementary Figure 7: Performance of permutation-based random classification models in
test sets of independent subjects with non-asthma respiratory conditions and controls.

Supplementary Figure 8: Distribution of DESeq2 FDR values of differential expression in the
asthma gene panel (blue bars) vs. other genes in the RNAseq development set (coral bars).

Supplementary Table 1: Lists of over- and under-expressed genes and pathways in asthma
cases compared to controls (in different tabs of this file). Differentially expressed genes were
identified using DESeq2 [24] applied to the development set, and enriched pathways were
identified from the Molecular Signature Database [25], both using an upper FDR threshold of
0.05.

Supplementary Table 2: List of known asthma-associated genes from a recent review of
asthma genetics [28] that overlap with genes in our RNAseq data sets.

Supplementary Table 3: Characteristics of the external asthma cohorts used in the validation
of the asthma gene panel.

Supplementary Table 4: Characteristics of the external cohorts with non-asthma respiratory
conditions and controls used in the validation of the asthma gene panel.
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