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ABSTRACT
Chronic lung disease (CLD) i.e., bronchopulmonary dysplasia (BPD) is the most common long-term complication after pre-
term birth. This clinically heterogeneous disease is characterized by impaired development of the gas exchange area and 
the bronchial tree. The identification of disease endotypes or indicators of disease onset early after birth would allow for 
individualized monitoring and treatment. In a cohort of 55 preterm infants phenotypically described by detailed clinical data 
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on pregnancy, birth, and neonatal intensive care unit care until discharge, and a complete assessment of pulmonary and 
extrapulmonary morbidities, we analyzed 1120 proteins and 213 metabolites in samples obtained in the first weeks of life 
to characterize biological signatures of BPD. Latent factor analysis highlighted seven factors, three of which linked proteomic 
and metabolomic data, highlighting a common inflammatory/immune signature but no independent endotypes. We next 
used abundance patterns of differentially abundant proteins and metabolites and successfully identified biomarker can-
didates associated with disease severity including PC(O-36:5), CCL22, KIR3DL2, SCGF-alpha, and SCGF-beta. Confirmation 
of the discriminatory power of these biomarkers in adult CLD patients (n=44) using matched proteomic profiling suggests 
CCL22, KIR3DL2, and SCGF-beta as shared biomarker candidates of BPD and adult CLD.

KEYWORDS
bronchopulmonary dysplasia (BPD); preterm neonatal lung; lung development; disease endotypes; disease severity; 
biomarkers; chronic obstructive pulmonary disease (COPD); random forest; differential abundance analysis; multi-omics 
latent factor analysis.

INTRODUCTION

Bronchopulmonary dysplasia (BPD) is the most prevalent long-
term complication of prematurity,1,2 with a significant impact on 
long-term morbidity and mortality.3 The disease is characterized 
by the impaired development of both the gas exchange area and 
the bronchial tree, caused by the impact of a combination of ante-
natal and postnatal risk factors, including infection as well as the 
exposure to life-saving treatments such as oxygen supplementa-
tion and mechanical ventilation.1,4 Clinically, the most urgent need 
is to identify disease at the earliest stage possible and to better 
stratify and monitor patients according to their therapeutic needs.

The significant heterogeneity of the clinical picture together 
with the broad variety of the pathophysiologic mechanisms dis-
covered suggest potential underlying disease endotypes.2 Disease 
endotypes are defined as different pathophysiological mecha-
nisms that converge into the same cluster of symptoms and man-
ifest as a single (clinical) phenotype. The characterization of these 
endotypes likely results in improved patient stratification to ena-
ble personalized risk monitoring and treatment targeting distinct 
mechanisms in patient subpopulations.5,6

Different attempts were made to stratify such BPD endotypes 
clinically using structural and functional information generated by 
computer tomography, lung function as well as techniques for the 
assessment of vascular complications such as echocardiography and 
right heart catheter.7–9 Although varying degrees of lung scaffold 
remodeling, vascular impairment, and airway disease characterized 
individuals across different BPD severity grades,10–12 meaningful clin-
ical endotypes were not deducted thus far and likely need to engage 
additional biomarkers to reach clinical significance. As a result, the 
NICHD/NHLBI/ORD (National Institute of Child Health and Human 
Development, National Heart, Lung and Blood Institute, Office of 
Rare Diseases, respectively) consensus definition,4,13 frequently 
used in clinical and scientific settings, as well as other definitions 
used14,15 are based on only few clinical parameters, resulting in limi-
tations for outcome prediction and therapeutic strategies.

Pathophysiologically, an array of pathways was demonstrated to 
play a role in BPD pathogenesis, reflecting the relevance of devel-
opmental processes, oxidative stress, and inflammatory processes  

resulting in an imbalance of the immune system.16–20 All pathways 
were found to form a tightly knit network and the ongoing efforts 
to understand and delineate their function did not reveal distinct 
endotypes thus far. Nonetheless, indicators of these processes 
have significant potential to inform clinical decision-making when 
they allow for early detection of risk for disease development 
while providing insight into relevant disease processes at the same 
time. The integration of molecular signatures into data from deep 
clinical phenotyping might identify underlying mechanisms and 
allow for risk stratification or patient subgroup identification.21,22

Diversifying omic-layers23–26 has been shown to increase the pre-
dictive power of multi-omic analysis when used for endotype iden-
tification and can provide important pathophysiologic insights.27–29

We, therefore, took advantage of early postnatal multi-omic data 
comprising 1120 proteins and 213 metabolites available in a cohort 
of n=55 preterm infants born before 32 weeks postmenstrual age 
(PMA), phenotyped by detailed clinical data on pregnancy, birth, 
and neonatal intensive care unit until discharge and a complete 
assessment of pulmonary and extrapulmonary morbidities. We met 
the clinical need to early identify disease through risk stratification 
by addressing the following aims: First, we pursued the identifica-
tion of clinically relevant disease endotypes by one or more omics 
layers and their integrative analysis. Specifically, we employed latent 
factor analysis via multi-omics latent factor analysis (MOFA)30,31 to 
explore whether such subtypes or endotypes could emerge and, if 
so, which molecular features might characterize them. Second, we 
focused on differential abundance analysis to highlight molecular 
features that may differentiate disease states early after birth and 
thus serve as potential biomarkers for clinical use. Supervised analy-
sis with random forest corroborated these findings as it revealed the 
same biomarkers, showing that these are robust predictive features. 
This analysis enabled us to contextualize the predictive potential in 
comparison to the sole use of clinical variables, and to investigate 
whether omics data could explain additional variance in a combined 
model. Finally, we traced BPD biomarker candidates into adult lung 
diseases that share important features with the diseased preterm 
lung, i.e., chronic obstructive pulmonary disease (COPD)32–34 and idi-
opathic pulmonary fibrosis (IPF).35,36
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METHODS

Data Collection

Preterm Cohort
In the first weeks of life, 55 plasma samples were obtained from 
n=175 preterm infants born at <32 weeks gestational age (GA) at 
the Perinatal Center in Munich (attention to infants at respiratory 
risk (AIRR)) after written informed parental consent (Table 1). The 
study received approval from the ethics committee of the Medical 
Faculty at Ludwig Maximilian University in Munich (Ethical vote 
#195-07) and is registered at the German Registry for Clinical Trials 
(No. 00004600; https://www.drks.de).

The BPD diagnosis was based on the NICHD/NHLBI/ORD con-
sensus definition.13 The time point of assessment was at 36 weeks 
PMA, and the diagnosis was stated if the neonate (<32 weeks GA) 
has been treated with oxygen (fraction of inspired oxygen (FiO2) 
>0.21) for at least 28 days. The severity of the disease was defined 
as mild if supplemental oxygen (FiO2 >0.21) was required for at 
least 28 days, but no need of oxygen supplementation persisted 
at 36 weeks PMA; moderate if oxygen supplementation (FiO2 
<0.30) was needed at 36 weeks PMA; and severe if oxygen sup-
plementation (FiO2 >0.30) and/or positive pressure ventilation/
continuous positive pressure was received at 36 weeks PMA.13 
Each treatment refers to continuous application and oxygen sup-
plementation for >12 hours equaling 1 day of treatment.13 Cranial 
ultrasound was performed in all children (n=175) and brain MRI 
was performed in a subgroup (n=111). The findings were adjusted 

Table 1. Clinical Characteristics of Patients Included for 
Molecular Analysis.

N (patients) 55
GA (weeks) 26.31±1.8
Birth weight (g) 804.73±235.1
Gender (F/M) 28/27
ANCS (yes/no) 46/7
Early-onset infection (yes/no) 43/12
RDS ≥grade 3 (yes/no) 46/8
MV (days) 53.52±25
O2 (days) 58.85±44.9
Postnatal steroid (days) 2.35±4.2
ROP ≥grade 3 3.67±1.3
IVH ≥grade 3 4±1.4
BPD
 None 14 (25%)
 Mild 21 (38%)
 Moderate 6 (11%)
 Severe 14 (25%)
PDA (yes/no) 27/28

Description of clinical variables of the patients (n=55) considered for proteomic and 
metabolomic analysis.
Variables presented as mean and standard deviation or percent of total, 
respectively.
ANCS, antenatal corticosteroids; BPD, bronchopulmonary dysplasia; GA, gestational 
age; IVH, intraventricular hemorrhage; MV, mechanical ventilation; O2, oxygen 
supplementation; PDA, patent ductus arteriosus; RDS, respiratory distress syndrome 
diagnosed according to Couchard et al.;37 ROP, retinopathy of prematurity.

for structural abnormalities (e.g., mild asymmetry of the lateral 
ventricles), age-inappropriate maturation markers (e.g., delayed 
gyration), bleeding events (e.g., intraventricular hemorrhage (IVH) 
or periventricular leukomalacia (PVL)), and/or congenital brain 
malformations (e.g., septum pellucidum agenesis). In the event of 
one (or more) out of the aforementioned brain pathologies, the 
findings were classified as suspicious.

Neonatal Clinical Descriptors

To acknowledge the complex pathophysiological and clinical 
nature of the disease, we used different levels of clinical pheno-
typing. Disease grouping was performed according to the clinical 
BPD diagnosis based on the NICHD/NHLBI/ORD consensus defini-
tion.13 As especially mild BPD comprises a broad variety of patients 
with regard to severity of disease, finer granulated stratification 
was achieved using the duration of oxygen supplementation or 
mechanical ventilation, here referred to as BPD descriptors. Next, 
main risk variables for BPD development were included in the anal-
ysis, i.e., GA and birth weight, which were correlated with disease 
descriptors (Pearson coefficient (n=175): mechanical ventilation 
r=−0.85 and −0.77, oxygen supplementation r=−0.70 and −0.65, 
respectively), and deep clinical phenotyping including comorbid-
ity profiles as well as information about antenatal and postnatal 
treatment regimen (Figure 1; Table 2).

Multi-Omics Data Acquisition

We worked on two molecular levels obtained from blood plasma 
samples of patients with (n=41) and without (n=14) BPD.

Metabolomic data were obtained from ultra-performance liq-
uid chromatography tandem mass spectrometry (UPLC-MS/MS) 
(Biomedical Metabolomics Facility Leiden, The Netherlands) run 
in four assays. The choice of platforms for metabolomic meas-
urements considered sample volume limitations and reflected 
on the goal to highlight (i) potentially related pathways of cardi-
omyopathy, rhabdomyolysis, and metabolic acidosis which could 
impact BPD development (acylcarnitine assay); (ii) amines as 
building blocks for proteins, important signaling molecules, and 
immune functions; and (iii) the energy household, membrane 
integrity, and lung fluid alignment (lipid panels). Assays quanti-
fying k=51 amines (no BPD=8, BPD=25) and k=26 acylcarnitines 
(no BPD=7, BPD=28) employed 5.0 μL and 10.0 μL of each sample 
to be mixed with an internal standard solution. The metabolites 
were precipitated by the addition of MeOH. After the reaction, 
the samples were transferred to vials placed in an autosam-
pler tray and cooled to 4°C and 10°C, respectively. 1.0 μL of the 
reaction mixture was injected into an Agilent 1290 Infinity II LC 
System (San Jose, CA, USA) on an AccQ-Tag Ultra column with a 
flow of 0.7 mL/min over an 11-minute gradient. The UPLC was 
coupled to electrospray ionization on a triple quadrupole mass 
spectrometer (AB SCIEX QTRAP 6500, San Jose, CA, USA). The 
analytes were detected in the positive ion mode and monitored 
in multiple reaction monitoring using nominal mass resolution. 
Assays quantifying k=43 positive lipids (triglycerides (no BPD=8, 
BPD=26)) and k=93 non-triglycerides (no BPD=7, BPD=22) were 

https://www.drks.de/


7

Network and Systems Medicine Vol. 1, Iss. 1, 2025

performed using 10 μL of pre-processed sample mixed with 1000 
μL IPA containing standards at C4 level and transferred to vials for 
LC-MS analysis. The chromatographic separation was achieved on 
an ACQUITY UPLC™ (Waters, Ettenleur, The Netherlands) with an 
HSS T3 column (1.8 μm, 2.1*100 mm) with a 0.4 mL/min flow 
over a 16-minute gradient. The analysis was performed using ref-
erence mass correction using a UPLC-ESI-Triple-TOF (Sciex 6600+) 
high-resolution mass spectrometer. Positive lipids were detected 
in full scan in the positive ion mode. All plasma samples were 

taken at the same time interval (median=4, range: 0–60 days) for 
all metabolomic assays.

Proteomic abundances were obtained from the SOMAscan® 
assay (SomaLogic®, Boulder, CO, USA) (no BPD=11, BPD=24; sam-
pling time (median=4, range: 0–30 days)) for k=1124 individual 
high-affinity proteins (SOMAmer®) quantified on a custom Agilent 
hybridization array.38,39 The abundances were analyzed in two 
batches (first batch n=9 (no BPD=2, BPD=7) and second batch n=26 
(no BPD=9, BPD=17)). Proteomic targets included all measureable 

Figure 1. Project overview. (A) We used proteomic (SOMAscan®; n=35; k=1120) and metabolomic (UPLC-MS/MS; amines n=33, acylcarnitines n=35, 
positive lipids triglycerides n=34 and non-triglycerides n=29; k=213) data from blood plasma (1) for a cohort of n=55 neonates with (n=41) and with-
out BPD (n=14) (2) with different levels of clinical data stratification including BPD predictors, main risk factors, and deep clinical phenotyping (3). We 
included a cohort of n=69 samples obtained from patients with adult CLD or respective controls (control n=25, COPD=24, and IPF=20) with proteomics 
data (SOMAscan®; k=1120) matched to the BPD proteomics profiles (4). (B) The discovery of potential BPD endotypes relied on unsupervised analyses 
such as principal component analysis by evaluating normalized abundances (PCA, 1) and multi-omics latent factor analysis (MOFA, 2) for data integration. 
(C) Candidate biomarker discovery used supervised analysis such as ANOVA to detect significant differences between the three severities (no, mild, mod-
erate/severe BPD; adjusted p-value <0.1) and t-test for significant differences between no BPD and moderate/severe BPD (mild BPD reclassified in one 
of both severities, see the Methods section for details) (adjusted p-value <0.1) (1). Furthermore, we used the random forest for multi-class classification 
(three classes: no, mild, and moderate/severe BPD) and binomial (no BPD and moderate/severe BPD with mild cases reclassified) (2). (D) The evaluation of 
detected biomarkers in BPD as significant features in adult CLD included ANOVA with t-test as post-hoc analysis (adjusted p-value <0.05) (1). ANOVA, analysis 
of variance; AUC, area under the receiving operating characteristic; BPD, bronchopulmonary dysplasia; CLD, chronic lung disease; COPD, chronic obstructive 
pulmonary disease; IPF, idiopathic pulmonary fibrosis; NICHD, National Institute of Child Health and Human Development; NHLBI, National Heart, Lung and 
Blood Institute; ORD, Office of Rare Diseases; PCA, principal component analysis; UPLC-MS/MS, ultra-performance liquid chromatography tandem mass 
spectrometry. Asterisks denote the significance level (*P<0.05; **P<0.01).
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proteins on the Somalogic® platform at that time given the limita-
tions in sample volume.

Adult CLD Cohort

Proteomics data (SOMAscan®) in a cohort of adult chronic lung 
disease (CLD) patients (n=44) were obtained after informed con-
sent (CPC-M bioArchive, Munich, Ethics Committee of the Medical 
Faculty of Ludwig Maximilian University in Munich (Ethical vote 
#19-629)). This included patients with (i) COPD (number of patients: 
n=24, median age 50 years (range: 14–74), 58.3% males), (ii) IPF 
(number of patients n=20, median age 56 years (range: 30–73), 
70% males), (iii) control samples from the KORA (Cooperative 
Health Research in the Region Augsburg) cohort (number of 
patients: n=25, median age 60 years (range: 53–67), 52% males).40 
KORA is a regional research platform for population-based surveys 

and subsequent follow-up studies focusing on diabetes, cardiovas-
cular diseases, and lung diseases, including the impact of environ-
mental factors.

Data Analysis

Pre-processing
We removed clinical variables (k=73) with 20% missing values, 
keeping 25 variables for further analysis. The remaining missing 
values were imputed using the missRanger V2.1.3 R package, a 
random forest approach using 100 trees and default parame-
ters41,42 (Supplementary Tables 1 and 2).

We pre-processed data from no BPD and BPD cases together. 
Data from the four metabolomic assays were pre-processed sep-
arately. We applied variance stabilization normalization (VSN) 
using the vsn V3.64.0 R package.43 Missing values were imputed 

Table 2. Levels of Clinical Phenotyping.

Levels   Variable   No BPD   Mild BPD   Mod./Sev. 
BPD

BPD descriptors (n=175)   O2 (days)   7.65±11   44.09±19.4   90.31±34
  MV (days)   19.78±14.6   50.98±16.6   71.49±22.1

Main risk variables (n=175)   GA (weeks)   29.03±1.7   26.65±1.8   25.71±1.9
  Birth weight (g)   1190.08±305.3   861.75±227.3   702.73±206.6

Deep clinical phenotyping(n=175)   Gender (F/M)   36/27   20/37   29/26
  Multiple births (yes/

no)
  29/34   14/43   16/39

  Preeclampsia (yes/no)   8/55   7/50   9/46
  Premature rupture of 

membranes (yes/no)
  17/46   23/34   17/38

  AIS (yes/no)   29/34   36/21   31/24
  Tocolysis (yes/no)   34/29   31/26   24/31
  ANCS (yes/no)   58/5   48/9   46/9
  Apgar 5 minutes   8.05±0.9   7.96±1.1   7.65±1.4
  Surfactant 

administration (yes/
no)

  37/26   53/4   50/5

  RDS ≥grade 3 (yes/no)   34/29   45/12   50/5
  Postnatal steroid 

(days)
  0.38±1.1   1.19±2.5   4.44±7

  Early-onset infection 
(yes/no)

  35/28   42/15   43/12

  PDA (yes/no)   13/50   23/34   28/27
  ROP (yes/no)   5/58   14/43   27/28
  ROP ≥grade 3 (yes/no)   3/60   11/46   21/34
  IVH (yes/no)   6/57   10/47   11/44
  IVH ≥grade 3 (yes/no)   4/59   5/52   5/50
  PVL (yes/no)   2/61   4/53   1/54
  Brain pathologya (yes/

no)
  18/45   24/33   20/35

  Hospitalization (days)   53.95±19.6   77.79±17.9   99.4±23.5
  NICU (days)   48.49±18.7   71.09±22.4   93.8±25.1

aBrain pathology summarizes the presence of any pathology in cranial ultrasound and/or brain MRI.
Clinical variables are summarized by BPD severity showing mean±SD or number of cases, respectively.
We grouped clinical variables according to different levels of phenotyping.
AIS, amniotic infection syndrome; ANCS, antenatal corticosteroids; BPD, bronchopulmonary dysplasia; GA, gestational age; IVH, intraventricular hemorrhage; Mod./
Sev., moderate/severe; MV, mechanical ventilation; NICU, neonatal intensive care unit; O2, oxygen supplementation; PDA, patent ductus arteriosus; PVL, periventricular 
leukomalacia; RDS, respiratory distress syndrome diagnosed according to Couchard et al.;37 ROP, retinopathy of prematurity; SD, standard deviation.
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using the missRanger V2.1.3 R package with the same parameters 
used in clinical data imputation. In addition, we used hierarchi-
cal clustering and principal component analysis (PCA) to detect 
batch effects. We used the first two principal components as 
coordinates to find and remove extreme outliers by visual inspec-
tion (amines=5/38, acylcarnitines=4/39, positive lipids triglycer-
ides=1/35, non-triglycerides=6/35; four samples shared in three 
metabolomic assays, one sample shared in two metabolomic 
assays, and two unique samples) (Supplementary Figure 1A–D) 
resulting in a total of 40 samples with metabolic information for 
further analyses. We used the proBatch V1.11.0 R package for 
both analyses.44

We pre-processed proteomic abundances following the same 
protocol applied to metabolomic data, resulting in four samples 
being removed (no overlap with metabolomic assay outliers) 
and a total of 35 samples with proteomic information for fur-
ther analyses. We resolved technical replicates by matching pro-
teomic and metabolomic samples according to sampling time. 
For the remaining replicates, we selected the sample with the 
lowest coefficient of variation. From the initial 1124 proteins, we 
selected proteins annotated as human in the organism category 
from the SOMAscan® report, excluding four proteins related to the 
human-virus infection process. We detected a batch effect regard-
ing the two separated experimental runs and corrected it using the 
limma V3.52.2 R package, applying a linear model-based approach 
(removeBatchEffect function)45 (Supplementary Figure 1E).

Unsupervised Analysis

To identify BPD endotypes and thereby enable improved patient 
stratification, we inferred latent factors using MOFA from the 
MOFA2 V1.6.0 R package. This method uses a spike-and-slab prior 
distribution to provide sparsity in the factor scores and weights, 
iteratively approaching the original normalized abundances via 
variational inference.30,31

We used samples with data representation in at least three out 
of five molecular assays (four UPLC-MS/MS assays for metabolom-
ics and one SOMAscan® assay for proteomics) resulting in 33 sam-
ples in total (no BPD=8, BPD=25) with 13 samples sharing all, 16 
sharing at least two metabolomics and the proteomics layer, and 
17 sharing at least three metabolomics but no proteomics layer 
(Supplementary Figure 2A).

We trained the model using a Gaussian prior distribution, 
including normalized abundance matrices scaling, 2% of variance 
explained per factor as the threshold, and nine factors as the ini-
tial number of factors. We repeated model training 10 times using 
different random seeds to provide robustness analysis, choosing 
the model with the highest evidence lower bound value for fur-
ther analyses. Each omics layer contributed to explaining the 
variance of latent factors. We only considered omics layers that 
accounted for at least 5% of the variance to ensure they accu-
rately reflect the biological signature of each latent factor. For 
each factor and omics layer, we selected features explaining 90% 
of the variance as the most explanatory and used those to further 
characterize the latent factors. For latent factors with proteomic 

loadings, we conducted enrichment analysis on the top explan-
atory proteins using the gprofiler2 V0.2.1 R package (database 
from 07-05-2021). We searched for REACTOME pathways with an 
adjusted p-value (gSCS method) of 0.05.46,47

Significance Analysis

To identify potential biomarkers for early diagnosis and risk assess-
ment, we performed differential abundance analysis between BPD 
severities via analysis of variance (ANOVA) with a paired t-test as 
the post-hoc method. ANOVA was adjusted for gender, sampling 
time, and the BPD main risk factors: GA and birth weight.

In both cases, ANOVA and t-test, p-values were adjusted using 
the Benjamini and Hochberg correction. We considered features 
with adjusted p-values below 0.1 for further analysis. Significance 
analysis, normalization, and unsupervised analysis were per-
formed in R V4.2.3.

Reclassification of Mild BPD Cases

The consensus definition published by Jobe and Bancalari13 clas-
sifies moderate and severe BPD together with a heterogeneous 
group of mild BPD cases (see the Methods section for disease  
definition). Mild BPD comprises patients with a history of rather 
short-term to prolonged durations of hyperoxia or mechanical 
ventilation exposure while not correcting for the degree of imma-
turity. To re-stratify this heterogeneous patient group, we used 
their history of oxygen supplementation and need for mechanical 
ventilation (duration in days) as more adequate indicators of the 
underlying degree of lung disease to reassign them into either no 
or moderate/severe BPD. The supervised approach used a random 
forest model with nested five-fold cross-validation (no BPD and 
moderate/severe BPD cases) to reclassify cases diagnosed with  
mild BPD (n=57) into the no BPD (n=63) or moderate/severe BPD 
(n=55) category. We evaluated the number of estimators (50, 100, 
and 150), the maximum depth of the tree (maximum growth, 10, 
and 20), the minimum number of samples to split a node (2, 5, 
and 10), and the minimum number of leaves per tree (1, 2, and 4) 
and selected the hyperparameter configuration with the highest 
inner-loop area under the receiving operating characteristic curve 
(AUC). The remaining random forest parameters were kept at their 
default. For this classification task, we used the imbalance-learn  
V0.11.0 Python library.48

Confirmatory BPD Severity Classification

To corroborate the identified biomarkers and associate the latent 
factors with disease severity, we performed multi-class random 
forest classification (three classes: no, mild, and moderate/severe 
BPD) and feature importance analysis on the full set of metabo-
lites and proteins, respectively, or latent factors. Next, to assess the 
biomarkers’ ability to improve patient classification using a random 
forest model trained in a three-fold cross-validation, we combined 
them with our sets of clinical data and compared their performance 
against models that were solely based on clinical parameters. The 
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Figure 2. Metabolomic and proteomic data integration. (A) Principal component analysis (PCA) for normalized amine abundances. (B) PCA for normalized 
acylcarnitine abundances. (C) PCA for normalized positive lipids triglyceride abundances. (D) PCA for normalized positive lipids non-triglyceride abundances. 
(E) PCA for normalized proteomics abundances. (F) Heatmap showing the variance explanation for the seven latent factors detected by MOFA (5% minimal 
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analysis; ROC, receiving operating characteristic.
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approach enabled us to assess whether the identified biomarkers 
explain additional variance of the data the clinical variables could 
not capture alone. The performances of individual models were 
measured using micro and macro mean±standard deviation of 
receiving operating characteristic (ROC)-AUC scores. We used the 
mean accumulation of impurity decrease per tree as a criterion for 
feature importance calculation. All supervised analyses were per-
formed using sckit-learn V1.3.049 in Python V3.11.0.

Adult CLD Analysis

For proteomic analysis performed in adult CLD cases, we followed 
the pre-processing steps described above including technical rep-
licates selection, VSN, batch effect detection, and outlier removal 
(3/72 outliers removed; n=69; k=1120) (Supplementary Figure 3). 
We pre-processed the three conditions (COPD (n=24), IPF (n=20), 
and controls (n=25)) together. ANOVA with paired t-test as post-
hoc was applied afterwards to detect significant abundant pro-
teins between the three conditions, using gender and smoke sta-
tus as confounders. P-values for ANOVA and t-tests were adjusted 
using the Benjamini–Hochberg correction.

Availability and Reproducibility

All the scripts used to perform the different analyses, including the 
generation of figures, tables, and supplementary material, as well 
as the intermediate data produced during this study, are available 
at Zenodo: https://zenodo.org/records/15283709.

A detailed report about methods reproducibility including 
pre-processing steps and machine learning training process is 
available at AIMe: https://aime.report/LSZJul.

RESULTS

Our study aimed to identify (i) early postnatal multi-omic signa-
tures that yield endotypes in neonatal CLD, i.e., BPD, (ii) candidate 
biomarkers that explain clinical severity, and (iii) to link adult with 

neonatal CLDs through the identified biomarkers (Figure 1). To this 
end, we analyzed metabolomic and proteomic samples obtained 
in the first weeks of life (mean 7.64±9.8 days) and sets of clini-
cal variable with increasing detail in a cohort of infants with BPD 
(n=41) and age-matched preterm infants without BPD (n=14) 
though unsupervised and supervised analyses.

Metabolomic and Proteomic Profiles Identified Shared Immune 
Phenomena as Disease Indicators While Distinct Disease 
Endotypes Could Not Be Revealed

For the identification of disease endotypes to enhance individu-
alized monitoring and treatment (aim 1), we performed unsuper-
vised data analysis with a focus on integrative latent factor analysis 
based on MOFA. PCA did not reveal disease endotypes in any early 
postnatal molecular layers (Figure 2A–E). MOFA revealed seven 
latent factors that collectively explained the variance associated 
with BPD (Figure 2F). The model was able to explain 23.76% of 
the variance for amines (n=33), 35.62% for acylcarnitines (n=31), 
74.76% for triglycerides (n=31), 53.44% for non-triglycerides 
(n=29), and 51.54% for proteomics (n=16) (Supplementary Figure 
2B and C). However, none of the seven latent factors effectively 
separated samples into endotypes (Figure 2G). Likewise, K-means 
analysis did not cluster individual molecular layers or latent factors 
(Supplementary Figures 4 and 5).

Three latent factors (factor 4, 5, and 6, Figure 2F) shared variance 
between early postnatal proteomics and metabolomics abundance 
levels. Furthermore, Pearson correlation analysis suggested a shared 
biological signature between factors 4 and 6 (r=0.88) but an inde
pendent signal for factor 5 (Supplementary Figure 2D). Enrichment 
analysis on the set of proteins that loaded most strongly on those 
three latent factors to provide precise biological descriptions (path-
ways) highlighted “cytokine signaling in immune system,” “signaling 
by interleukins,” and “interleukin-4 and interleukin-13 signaling” as 
shared relevant pathways representing a common inflammatory 
disease component (Supplementary Table 3).

A B C

Figure 3. BPD metabolomic analysis. (A) Boxplot demonstrating significant differences (ANOVA adjusted p-value <0.1) between PC(O-36:5) abundances 
obtained for no, mild, and moderate/severe BPD. (B) Boxplot showing significant differences (t-test adjusted p-value <0.1) between abundances for PC(O-
36:5) in no and moderate/severe BPD cases. (C) Boxplot showing significant differences (t-test adjusted p-value <0.1) between abundances for PC(O-38:5) 
in no and moderate/severe BPD. (B and C) Mild BPD cases were reclassified into no or moderate/severe BPD groups by random forest trained with the BPD 
predictors of the entire AIRR cohort dataset (n=175; no BPD=63, mild BPD=57, moderate/severe BPD=55). ANOVA, analysis of variance; AIRR, attention to 
infants at respiratory risk; BPD, bronchopulmonary dysplasia.

https://zenodo.org/records/15283709
https://aime.report/LSZJul
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Acylcarnitines and proteomics explained latent factor 4 (5.96% 
and 18.09%, respectively). Enrichment analysis based on the most 
explanatory proteins (k=497) allowed the association of this latent 
factor with fibroblast growth factor receptor (FGFR) signaling pro-
cesses such as “signaling by activated point mutants of FGFR1” 
(adj. p-value=6.146e-07) and “FGFR4 ligand binding and activa-
tion” (adj. p-value=1.348e-06) (Supplementary Table 4).  
Among the most explanatory acylcarnitines in factor 4, we found 
isobutyrylcarnitine (weight=0.37), followed by acetylcarnitine  
and hexanoylcarnitine (weights: −0.29 and −0.29, respectively) 
(Supplementary Figure 6A). In proteomics, the most explanatory 
protein for factor 4 was SSRP1, a subunit involved in the formation 
of chromatin elongation factor (FACT) (weight=−1.03), followed by 
CRISP3 (weight=−1.0), a protein related to the innate immune sys-
tem, and RPS6KA5 (weight=−0.93), a protein with serine/threo-
nine kinase activity (Supplementary Figure 6B).

Factor 5 was explained by positive lipids non-triglycerides (lipids 
ionized to get a positive charge during the MS process including 

ceramides, diglycerides, phosphatidylcholines, lysophosphatidyl-
cholines, phosphatidylethanolamines, lysophosphatidylethanol-
amines, and sphingomyelins) (15.84%), and proteomics (6.78%). 
Enrichment analysis of the most explanatory proteins (k=103) indi-
cated “immunoregulatory interactions between a lymphoid and a 
non-lymphoid cell” (adj. p-value=0.001) as the biological signature 
of this latent factor (Supplementary Table 5). Among the most 
explanatory positive lipids non-triglycerides for factor 5, we found 
a long chain ceramide with the highest weight (−1.07), followed 
by a lysophosphatidylcholine (LPC(20:4); weight=0.95) and phos-
phatidylethanolamine PE(O-38:5) (weight=−0.73) (Supplementary 
Figure 6C). Furthermore, among the most explanatory proteins 
for this latent factor, we found the enzymes CA2 and DDX19B 
(weights: 2.91 and 2.54, respectively) and the RNA-binding protein 
HNRNPK (weight=2.38) (Supplementary Figure 6D).

In contrast, latent factor 6 was exclusively explained by pro-
teomics (16.08%). Its biological signal was more diverse, with 
enrichment analysis of the 158 explanatory proteins revealing 

A B C

D E

Figure 4. BPD proteomic analysis. (A) Boxplot displaying significant differences between no, mild, and moderate/severe BPD according to ANOVA analysis 
(adjusted p-value <0.1) for CCL22. (B) Boxplot displaying significant differences between no, mild, and moderate/severe BPD according to ANOVA analysis 
(adjusted p-value <0.1) for KIR3DL2. (C) Boxplot displaying significant differences between no, mild, and moderate/severe BPD according to ANOVA analysis 
(adjusted p-value <0.1) for SCGF-alpha. (D) Boxplot displaying significant differences between no, mild, and moderate/severe BPD according to ANOVA 
analysis (adjusted p-value <0.1) for SCGF-beta. (E) Boxplot displaying significant differences between no and moderate/severe BPD severities according to 
t-test analysis (adjusted p-value <0.1) for CCL22a.
aMild BPD cases were reclassified into no or moderate/severe BPD groups by random forest trained with the BPD predictors in the entire AIRR cohort dataset 
(n=175; no BPD=63, mild BPD=57, moderate/severe BPD=55). ANOVA, analysis of variance; AIRR, attention to infants at respiratory risk; BPD, bronchopul-
monary dysplasia.
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pathways such as “activation of NMDA receptors and postsyn-
aptic events” (adj. p-value=2.898e-09), “homeostasis” (adj. 
p-value=1.861e-07), and “intrinsic pathway for apoptosis” (adj. 
p-value=4.147e-06) to be significantly enriched (Supplementary 
Table 6). Among the most explanatory proteins for factor 6 were 
SRC (weight=2.55), a tyrosine-protein kinase activity protein, fol-
lowed by the translation initiation mediator EIF4G2 (weight=2.11), 
and PDPK1 (weight=2.03), a protein with phospholipase activity 
(Supplementary Figure 6E).

To associate the latent factors to disease severity, we per-
formed a multi-class random forest (three classes: no, mild, 
moderate/severe BPD; training n=22, test n=11) using the latent 
factor scores as predictors. The general performance (macro 
AUC average=0.462±0.05) did not support using an embed-
ded representation of proteomics and metabolomics for BPD 
severity classification (Supplementary Figure 7A). However, 
combining latent factor scores and deep clinical phenotyping 
variables improved prediction performance (micro AUC aver-
ages=0.851±0.08 and 0.839±0.05, respectively), indicating that 
the latent factors orthogonally explain variability to the clinical 
variables (Figure  2H; Supplementary Figure 7B). We also con-
ducted a binomial random forest analysis (no vs moderate/severe 
BPD; training n=22, test n=11) after reclassifying mild BPD cases. 
Similar to the multi-class model, latent factors alone performed 
poorly (mean AUC=0.401±0.17) but improved when combined 
with deep clinical phenotyping (mean AUC=0.856±0.1), outper-
forming all other model combinations (Figure 2I; Supplementary 
Figure 7C). Pearson correlation analysis showed no strong associa-
tions between latent factors and key clinical BPD parameters, with 
the highest correlation (r=−0.45) observed between factor 4 and 
multiple births (Supplementary Figure 2E).

Supervised Analysis Highlights Phosphatidylcholine PC(O-36:5) 
and CCL22 as Biomarker Candidates for BPD Severity

For the discovery of clinically relevant biomarkers that allow early 
postnatal risk stratification (aim 2), we conducted supervised anal-
yses including differential abundance analysis and random forest 
severity prediction.

We identified significantly different abundant proteins and 
metabolites between BPD severities by ANOVA analysis. The 
phosphatidylcholine PC(O-36:5) (adjusted p-value 0.021) was the 
only significant metabolite detected (Figure 3A). Post-hoc test 
(t-test) showed significant differences between no and moder-
ate/severe BPD (adjusted p-value=0.001), as well as between mild 
and moderate/severe BPD (adjusted p-value=0.011) (Figure 3A; 
Supplementary Tables 7–10).

After reclassification of cases diagnosed with mild BPD, we 
performed a t-test comparing abundance levels between no BPD 
and moderate/severe BPD groups. This analysis identified only two 
metabolites with significantly different abundances: PC(O-36:5) 
and PC(O-38:5) (adjusted p-values 0.057 each; Figure 3B and C; 
Supplementary Tables 11–14).

When focusing the analysis on the first 4 weeks of life (samples 
≤28 days after birth; amines n=30, acylcarnitines n=31, positive 

lipids: triglycerides n=31, and non-triglycerides n=26), we con-
firmed PC(O-36:5) (adjusted p-value=0.012) as differentially abun-
dant metabolites between the three BPD severities, followed by 
PC(O-38:4), PC(40:4), PC(36:6), and PC(O-36:4) (adjusted p-val-
ues=0.022, 0.031, 0.041, and 0.041, respectively) (Supplementary 
Figure 8A–E; Supplementary Tables 15–18). After mild BPD reclas-
sification, t-test analysis for no BPD and moderate/severe BPD in 
this subset of samples confirmed PC(O-36:5) and PC(O-38:5) as 
differentially abundant metabolites (adjusted p-values=0.074 and 
0.082, respectively). Furthermore, we identified the acylcarnitines 
hexadecenoylcarnitine, palmitoylcarnitine, and isovalerylcarnitine 
as additional differentially abundant metabolites (adjusted p-val-
ues=0.057, 0.064, and 0.096, respectively) (Supplementary Figure 
8F–J; Supplementary Tables 19–22).

The correlation between the metabolites of interest, PC(O-
36:5) and PC(O-38:5), and key clinical variables in BPD (including 
descriptors and main risk factors) revealed that the most signifi-
cant metabolite, PC(O-36:5), showed weak correlations with days 
of oxygen supplementation (r=−0.62) and birth weight (r=0.67). In 
contrast, PC(O-38:5) was not correlated with any of the primary 
clinical variables associated with BPD (Supplementary Figure 9A).

ANOVA-based differential abundance analysis of proteom-
ics data across BPD severities (no, mild, and moderate/severe) 
identified four differentially expressed proteins: CCL22 (adjusted 
p-value 0.004, post-hoc t-tests significant for all comparison lev-
els), KIR3DL2, SCGF-alpha, and SCGF-beta (adjusted p-values of 
0.09) (Figure 4A–D; Supplementary Table 23). After reclassify-
ing mild BPD cases, CCL22 remained as the unique, significantly 
differentially abundant protein differentiating no BPD from 
moderate/severe BPD cases (adjusted p-value=0.014, Figure 4E; 
Supplementary Table 24).

Analysis of samples from the first 4 weeks of life (samples 
≤28 days after birth, n=34) confirmed CCL22’s differential abun-
dance across BPD severities via ANOVA (adjusted p-value 0.042, 
Supplementary Figure 10A; Supplementary Table 25), and 
between no and moderate/severe BPD (after mild BPD reclassi-
fication) by t-test (adjusted p-value 0.051, Supplementary Figure 
10B; Supplementary Table 26).

Pearson correlation analysis between significant proteins and 
key BPD clinical variables revealed moderate correlations for 
CCL22 with days of oxygen supplementation (r=−0.63) and birth 
weight (r=0.60), and stronger correlations with days of mechani-
cal ventilation (r=−0.77) and GA (r=0.73). In contrast, SCGF-alpha, 
SCGF-beta, and KIR3DL2 showed weak correlations with these 
clinical variables (Supplementary Figure 9B).

To corroborate our findings, we performed random for-
est-based BPD severity prediction and feature importance anal-
ysis based on the entire measured metabolome and proteome, 
respectively, thereby scrutinizing the identified biomarkers in the 
context of all measured metabolites and proteins. We expected 
the identified biomarkers to rank in the top percentile of impor-
tance features.

Multi-class models (no, mild, moderate/severe BPD; training 
n=20, test n=9) based on positive lipids non-triglycerides demon-
strated comparable performance to the model trained with BPD  
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risk variables (micro AUC average=0.703±0.07 and 0.701±0.18; 
Figure 5A). The performance decreased when metabolomic  
data were combined with clinical parameters. Feature impor-
tance revealed PC(O-36:5) among the most important features 
(importance=2.46%), followed by PC(40:4), PC(O-38:5), and 
PC(O-44:5) (importance=5.36%, 4.92%, and 4.09%, respectively) 
(Figure 5B).

Binomial random forest models trained on proteomics data (no 
vs moderate/severe BPD, after mild BPD reclassification; training 
n=24, test n=11; k=1120) performed well (mean AUC=0.783±0.08). 
Again, the performance was reduced when proteomic data were 
combined with clinical parameters (Figure  5C). Feature impor-
tance displayed CCL22 as the most important feature (impor-
tance=2.5%), followed by ERBB2 and CST6 (importance=1.87% and 
1.58%, respectively) (Figure 5D). Detailed experimental results can 
be found in Supplementary Figures 11 and 12.

To confirm the biomarkers’ added value for clinical deci-
sion-making over the sole use of clinical descriptors, we trained 
random forest classifiers (three classes: no, mild, moderate/severe 
BPD) combining clinical variables with the identified biomarkers. 

Inclusion of the identified phosphatidylcholines into the different 
sets of clinical variables demonstrated an increase in performance 
ranging between 0.02 and 0.11 ROC-AUC (Figure 6A), indicating 
that the differentially abundant metabolites explained variance 
that the clinical variables could not explain alone. Feature impor-
tance analysis on the top performing model also highlighted 
PC(0-38:5) as the top most important feature (Figure 6B). Similar 
behavior was demonstrated for the proteomic biomarkers with an 
improved ROC-AUC of 0.05–0.06 AUC (Figure 6C). Feature impor-
tance of the top performing model ranked CCL22, SCGF-beta, and 
KIR3DL2 within the top six important features (Figure 6D).

Differential Abundance Analysis Confirmed CCL22 and KIR3DL2 
as Biomarker Candidates in COPD Patients

Lastly, we reevaluated the BPD biomarker candidates (CCL22, 
SCGF-alpha, SCGF-beta, KIR3DL2) in adult patients with CLD, i.e., 
COPD (n=24) and IPF (n=20) to link neonatal pathophysiology to  
adult CLDs that share histopathological pattern (aim 3). The dis-
eases mirror structural characteristics of BPD, namely emphysema  

BPD descriptors (0.866±0.02)
Non-triglycerides (0.703±0.07)
Main risk variables (0.701±0.18)
Main risk variables + Non-triglycerides (0.69±0.06)
Deep clinical phenotyping (0.827±0.12)
Deep clinical phenotyping + Non-triglycerides (0.753±0.05)

BPD descriptors (1.0±0.0)
Proteomics (0.783±0.08)
Main risk variables (0.913±0.02)
Main risk variables + Proteomics (0.69±0.03)
Deep clinical phenotyping (0.871±0.06)
Deep clinical phenotyping + Proteomics (0.764±0.05)

A B

C D

Figure 5. Corroborating BPD biomarker candidates through random forest. (A) ROC-AUC curve for six multi-class random forest models (three classes: 
no, mild, moderate/severe BPD) trained using positive non-triglyceride lipids and their combination with different sets of clinical parameters, using oxygen 
supplementation and mechanical ventilation (BPD descriptors) as the reference model. The legend indicates micro AUC averages and their standard devia-
tion. (B) Top six feature importance for the model trained using positive non-triglyceride lipids. (C) ROC-AUC curves for six binomial random forest models 
(no and moderate/severe BPD, after reclassification of mild BPD cases, see the Methods section for details) trained using proteomics and their combination 
with different sets of clinical parameters, using oxygen supplementation and mechanical ventilation (BPD descriptors) as the reference model; the legend 
shows the mean±standard deviation of AUC. (D) Top six feature importance for the model trained using proteomics. AUC, area under the receiving operating 
characteristic; BPD, bronchopulmonary dysplasia; ROC, receiving operating characteristic.
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and pulmonary fibrosis. ANOVA revealed significant differential 
abundance for CCL22, KIR3DL2, and SCGF-beta (adjusted p-values= 
9e-05, 4e-03, and 5e-04, respectively). Post-hoc t-tests highlighted 
CCL22 and KIR3DL2 as significantly different in COPD patients 
(adjusted p-values=0.003 and 2.4e-04 vs controls, respectively; 
Figures 7A and B). SCGF-beta showed significant differences in 
both COPD and IPF patients when compared to individuals with-
out CLD (adjusted p-values=0.007 and 9.6e-06, respectively; 
Figure  7C). In both neonatal and adult CLD, the proteins were 
downregulated; however, this was less pronounced in adult CLD 
(Supplementary Table 27).

DISCUSSION

BPD, one of the most prevalent morbidities in preterm infants, 
impacts on pulmonary and extrapulmonary health in the long 
term.3 Impairing predictive power and the development of ther-
apeutic strategies, the diagnosis solely relies on selected clinical 
parameters4,13 while lacking comprehensive insight into underlying 
pathophysiological mechanisms. The need for novel approaches 

to improve disease stratification was reflected by different mod-
ifications to disease definitions as well as the emerging potential 
of omic data integration to improve the diagnostic process.2,50–52

We met the clinical need to improve risk stratification by 
outlining two project aims. First, we applied integrated latent 
factor analysis to test the idea that the combination of molecu-
lar characterization and deep clinical phenotyping can identify 
endotypes that pay tribute to disease heterogeneity while over-
coming non-granularized grouping to thereby allow for individu-
alized monitoring and treatment.21,22 Second, we aimed at early 
disease identification by the use of biomarkers that—at the same 
time—provide insight into relevant pathophysiological processes. 
Tracing these biomarkers into adult CLDs that share striking his-
topathological features with BPD underscored the biomarkers’ 
potential for risk stratification.

We employed multi-omic analysis in early postnatal samples in 
an age-matched, deeply phenotyped cohort of very immature pre-
term infants with and without BPD. By global unsupervised  
multi-factor analysis, we detected a shared immune response and 
inflammation signature across factors and identified candidate  

BPD descriptors (0.866±0.02)
Main risk variables (0.701±0.18)
Main risk variables +
Significant non-triglycerides (0.812±0.09)
Deep clinical phenotyping (0.827±0.12)
Deep clinical phenotyping +
Significant non-triglycerides (0.846±0.05)

BPD descriptors (0.969±0.02)
Main risk variables (0.729±0.04)
Main risk variables +
Significant proteins (0.792±0.04)
Deep clinical phenotyping (0.821±0.02)
Deep clinical phenotyping +
Significant proteins (0.871±0.02)

A B

C D

Figure 6. Classification power of significant metabolites and proteins in BPD. (A) ROC-AUC curve for five multi-class random forest models (three classes: 
no, mild, moderate/severe BPD) including combinations of different sets of clinical parameters and significant metabolites in BPD, using oxygen supplemen-
tation and mechanical ventilation (BPD descriptors) as the reference model; the legend indicates micro AUC averages and their standard deviation. (B) Top six 
features based on random forest inferred importance for the model trained combining deep clinical phenotyping and significant positive lipid non-triglycer-
ides. (C) ROC-AUC curve for five multi-class random forest models (three classes: no, mild, moderate/severe BPD) including combinations of different sets of 
clinical parameters and significant proteins in BPD, using oxygen supplementation and mechanical ventilation (BPD descriptors) as the reference model; the 
legend indicates micro AUC averages and their standard deviation. (D) Top six feature importance for the model trained combining deep clinical phenotyping 
and significant proteins. AUC, area under the receiving operating characteristic; BPD, bronchopulmonary dysplasia; ROC, receiving operating characteristic.
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biomarkers for BPD. The signature detected in the first weeks after 
birth aligns with the characteristic pro-inflammatory BPD signa-
ture identified by different studies53–55 and furthermore highlights 
the early, potentially prenatal, development of disease and deter-
mination of its course.

The differential abundance of PC(O-36:5) and CCL22 as well 
as SCGF-alpha, SCGF-beta, and KIR3DL2 among disease grades, 
and their validation through unfiltered random forest feature 
importance analysis highlights critical pathophysiological changes, 
making them plausible biomarker candidates. Confirmation of 
the biomarker candidates identified when restricting the analy-
sis to measurements obtained in the first 4 weeks of life and the 
improved predictive performance when combined with clinical var-
iables in a random forest-based model, underscored the potential 
for early disease detection. The added value of the biomarker for 
the diagnostic process, however, is not only explained by param-
eters of sensitivity and specificity, but as well based on the objec-
tivity and standardizability of these measurements as opposed to 
often more subjective clinical measures that vary between centers.

The decrease in circulating CCL22 levels in BPD infants high-
lights a shift in the immune response of BPD infants as the 
cytokine’s role in orchestrating the interaction with regulatory 
T cells suggests a subsequent impairment in adaptive immunity 
and a predisposition to inflammatory disease development.56 
Upregulation of this protein in lung tissue samples of BPD mouse 
models likely mirrors the early injury phases studied, where the 
recruitment of monocytic cells to the lung plays a pivotal role.57,58 
Alongside CCL22, the downregulation of KIR3DL2 in BPD reflects 
on changes in adaptive immunity59 and separates BPD cases from 
controls when combined with deep clinical phenotyping. Negative 
regulation of SCGF-alpha and -beta as hematopoietic stem/pro-
genitor cell growth factors60,61 highlights a possible relation to 
impaired lung development and may serve as a target of current 
therapeutic efforts.62,63

Successful identification of the BPD biomarker candidates, 
including their regulatory pattern in adult lung disease, under-
scores the notion that BPD represents an early form of adult CLD. 
Interestingly, main features were shared between BPD and COPD, 

i.e., CCL22, KIR3DL2, and SCGF-beta, supporting discussion of 
shared drivers of disease.64 In IPF only SCGF-beta demonstrated a 
shared pattern of differential abundance.

Identifying BPD endotypes by integrating multi-omic layers and 
deep phenotyping parameters through global unsupervised mul-
ti-factor analysis remains challenging as proven by our and other 
studies. A variety of factors are likely caused by limited sample 
size, the time frame of sample acquisition, and the limitations of 
current clinical phenotyping. The exclusion of distinct structural 
and functional changes results in limited strategies to determine 
disease severity in a diverse patient population and heterogene-
ous disease presentation. To enable the formation of robust clus-
ters and the identification of multi-omics factors for a discernible 
separation of the disease, future studies require larger, extensively 
phenotyped cohorts including age-matched controls, meeting or 
exceeding the efforts of the present study, that undergo unbiased 
high-throughput multi-omic screening at different time points 
including early postnatal as well as possible prenatal sampling.7,9,65 
Early disease processes might be “silenced” after birth when 
metabolomic and proteomic signatures are significantly driven by 
therapeutic interventions or uniformly converge into an inflamma-
tory signature overshadowing other signals.

The strong impact of clinical confounders such as GA and birth 
weight25,66 might require further stratification of cohorts for the 
degree of immaturity while considering the presence of growth 
retardation. On the other hand, although known as an important risk 
factor, immaturity alone does not fully explain morbidity develop-
ment in the preterm infant and the varying impact of interdependent 
risk factors such as infections, genetic background, or therapy (and 
subsequent complications) on outcome is challenging to account 
for in multi-omic profiles. The challenges are equally presented by 
previous studies, where BPD endotype identification through hier-
archical clustering of transcriptomic data based on a fixed number 
of expected clusters67 was mainly attributed to differences in GA and 
birth weight, suggesting the identified markers as surrogates for the 
clinical variables rather than indicators of robust endotypes.

Studies might need to include alternative approaches as exem-
plified by genetic studies where holistic analyses were limited in 

A B C

Figure 7. Tracing the BPD protein signature into COPD and IPF. Boxplot displaying significant differences between protein abundance levels obtained in 
control (n=25), COPD (n=24), and IPF (n=20) samples (adult patients) according to ANOVA (adjusted p-value <0.1). (A) CCL22; (B) KIR3DL2; (C) SCGF-beta. 
ANOVA, analysis of variance; BPD, bronchopulmonary dysplasia; COPD, chronic obstructive pulmonary disease; IPF, idiopathic pulmonary fibrosis.
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success,68 whereas “reverse” approaches confirmed risk factors 
identified in other diseases.64 Likewise, the focus on disease sub-
groups such as BPD-associated pulmonary hypertension might 
help to obtain first results.69

Our choice of a less stringent significance threshold to select 
metabolites and proteins for further analysis (<0.1) paid tribute to 
the limitations in sample number and noise.70–72 However, the can-
didate biomarkers were identified through multiple subset analy-
ses as well as different approaches such as random forest-based 
importance analysis. Despite this indication of robustness toward 
analysis techniques together with the biologically meaningful pro-
cesses indicated by the biomarkers profile, the predictive power 
of the biomarker candidates needs to be re-assessed in an inde-
pendent cohort while using different platforms for abundance 
detection, thereby overcoming bias through the pre-selection of 
metabolites and proteins at the same time.

While not allowing for endotype identification, latent factors 
with proteomic explanation demonstrated BPD features with 
pathophysiological relevance, underscoring the biological insight 
provided. Biomarkers identified by well-trained analysis strategies 
beyond the background of disease complexity can likely serve as 
robust markers for patient stratification in future studies next to 
clinical criteria.
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