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Abstract

Purpose: The purpose of this study was to profile genetic causal factors of acute respiratory distress syndrome
(ARDS) and early predict patients at high ARDS risk.

Methods: We performed a phenome-wide Mendelian Randomization analysis through summary statistics of an
ARDS genome-wide association study (1250 cases and 1583 controls of European ancestry) and 33,150 traits. Tran-
scriptomic data from human blood and lung tissues of a preclinical mouse model were used to validate biomarkers,
which were further used to construct a prediction model and nomogram.

Results: A total of 1736 traits, including 1223 blood RNA, 159 plasma proteins, and 354 non-gene phenotypes
(classified by Biochemistry, Anthropometry, Disease, Nutrition and Habit, Immunology, and Treatment), exhibited

a potentially causal relationship with ARDS development, which were accessible through a user-friendly interface
platform called CARDS (Causal traits for Acute Respiratory Distress Syndrome). Regarding candidate blood RNA, four
genes were validated, namely TMEM176B, SLC2A5, CDC45, and VSIGS, showing differential expression in blood of ARDS
patients compared to controls, as well as dynamic expression in mouse lung tissues. Importantly, the addition of four
blood genes and five immune cell proportions significantly improved the prediction performance of ARDS develop-
ment, with 0.791 of the area under the curve from receiver-operator characteristic, compared to 0.725 for the basic
model consisting of Acute Physiology and Chronic Health Evaluation (APACHE) Ill Score, sex, body mass index, bacte-
remia, and sepsis. A model-based nomogram was also developed for the clinical practice.

Conclusion: This study identifies a wide range of ARDS relevant factors and develops a promising prediction model,
enhancing early clinical management and intervention for ARDS development.

Keywords: Phenome-wide association study, Mendelian randomization analysis, Acute respiratory distress syndrome,
Causal factor, Biomarker
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(COVID-19) pandemic [3, 4]. Therefore, it is crucial to
identify individual causal factors underlying the patho-
genesis of ARDS, which would potentially improve early
clinical management and increase the survival of ARDS.

Currently, several risk factors have been implicated in
ARDS development, including sepsis [5], pneumonia
[6], aspiration of gastric contents [7], and severe trauma
[8]. However, relying solely on clinical risk factors poses
challenges in accurately predicting patients who will
develop ARDS or who with ARDS will survive. Intrigu-
ingly, emerging evidence showed that certain individuals
may develop ARDS when exposed to COVID-19 but not
to influenza, suggesting potential discrepancies in disease
susceptibility or host response to specific pathogens [9,
10]. Amounts of studies have elucidated the significant
contribution of genetic susceptibility in ARDS devel-
opment, such as functional variants in genes encoding
angiotensin-converting enzyme and surfactant protein
B [11, 12]. In total, over 40 susceptible genes have been
identified to have associations with the development or
outcome of ARDS, which were mainly obtained from
genome-wide association studies (GWAS) [13]. In addi-
tion, phenome-wide association studies (pheWAS) have
emerged as a valuable tool to investigate associations
between phenotypes or traits and specific single nucle-
otide polymorphisms (SNPs) within a comprehensive
database [14]; and it can leverage GWAS summary statis-
tics to decipher susceptible genes implicated in a particu-
lar trait of interest [15]. These two approaches, GWAS
and pheWAS, are mutually complementary as they can
corroborate and validate each other’s findings, enhanc-
ing the robustness of genetic discoveries [16]. Moreover,
Mendelian randomization (MR), usually based on GWAS
summary statistics, is a powerful approach to assessing
the causal relationship between an exposure and an out-
come [17].

In this study, we conducted an extensive Mendelian
randomization phenome-wide association study (MR-
pheWAS) to comprehensively profile potential individual
causal factors associated with ARDS development. Sub-
sequently, we employed peripheral blood transcriptome
analysis and used a preclinical mouse model to validate
and identify biomarkers implicated in the pathogenesis
of ARDS. Ultimately, we developed a risk prediction tool
for enhancing clinical management, patient care, and
informed decision-making in ARDS.

Methods

Data available

Publicly available GWAS summary statistics of 33,150
traits, deposited in R package TwoSampleMR, were
obtained from the Medical Research Council Integrative
Epidemiology Unit (MRC-IEU) open GWAS database up

Take-home message

Phenome-wide association studies and subsequent multi-omics
investigations provide novel biomarkers involving acute respiratory
distress syndrome (ARDS). These findings present a promising pre-
diction model with potential clinical utility, enhancing early clinical
management and intervention strategies for ARDS development.

to 03/20/2022 [18]. GWAS summary statistics of ARDS
in European populations, consisting of 1250 ARDS cases
and 1583 non-ARDS controls from Identification of
SNPs Predisposing to Altered Acute Lung Injury Risk
(iSPAAR) consortium and Molecular Epidemiology of
Sepsis in the ICU (MESSI) cohort, was derived from our
previous study [19]. Details of enrolled participants were
described in supplementary Methods.

Causal inference via MR analysis

Two-sample MR analysis was performed to assess causal
estimates between traits and ARDS using R package Two-
SampleMR. SNPs that reached genome-wide significance
(P<5e-8) were selected for each exposure trait. Clumping
was then performed to obtain the independent genetic
variants (r?><0.001, within 10 Mb windows) as instru-
mental variables (IVs).

Five common methods, including inverse variance
weighted (IVW), weighted median, MR-Egger, simple
mode, and weighted mode, were applied to calculate the
causal effects of each trait on ARDS development. Con-
sidering the minimal number of IVs required in each
method, the significant association was determined
based on the following criteria: (a) For traits with three or
more IVs: P<0.05 in at least one of five methods, P> 0.05
in both MR-Egger and IVW heterogeneity test, and
P>0.05 in MR-Egger pleiotropy test; (b) For traits with
two IVs: P<0.05 in IVW test, and P>0.05 in IVW het-
erogeneity test; (c) For traits with only one IV: P<0.05 in
Wald ratio test. The results of MR analysis, heterogeneity
test, and pleiotropy test for traits with more than three
IVs were listed in Supplementary Table E1. Visualization
and deposition of all MR results were generated using R
package shiny.

Transcriptomic profile of blood of ARDS and non-ARDS
patients

Blood samples of 160 ARDS cases and 142 non-ARDS
controls were collected for RNA sequencing (RNA-
Seq) analysis, among which participants were recruited
from Molecular Epidemiology of ARDS (MEARDS)
prospective cohort study (ClinicalTrials.gov Identi-
fier: NCT00006496) [20], part of iSPAAR consortium.
Data process, quality control, and data analysis follow
our previous study [19]. Briefly, 19,898 protein-coding
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genes were identified for transcriptome analyses, includ-
ing analyses of differential expression and immune cell
decomposition via CIBERSORTx [21], which provided
an estimation of the abundances of 22 immune cell types.
Correlation matrix of candidate genes and immune cells
underlying Spearman rank correlation analysis was per-
formed via R package corrplot.

Transcriptomic profile of lung tissues of a preclinical

mouse model

A preclinical lipopolysaccharide (LPS)-induced lung
injury model was applied to investigate the potential
biological effects of candidate genes in the duration of
ARDS. Lung tissues were collected from mice exposed to
LPS, and their corresponding transcriptome was detected
via Affymetrix Mouse Genome 430 2.0 Array. The gen-
erated data was deposited in Gene Expression Omnibus
under the access number GSE9314. We followed the pre-
viously published protocol to clean and analyze the col-
lected data [22]. Specifically, we examined the changes in
the expression of candidate genes at different time points
(i.e., 1, 2, 4, and 18 h). The observed alterations in gene
expression suggest the significant biological functions of
candidate genes in the development of ARDS.

Construction of prediction model and nomogram

In the prediction model, a logistic regression model,
incorporating Acute Physiology and Chronic Health
Evaluation (APACHE) III Score, sex, body mass index
(BMI), bacteremia, and sepsis condition of patients,
was performed as the basic model. Subsequently, candi-
date gene expression and immune cell proportions were
added into the basic model. The performance of the
prediction model was evaluated using receiver opera-
tor characteristic (ROC) curves and the area under the
curve (AUC) with the utilization of R package pROC. The
AUC provided an assessment of the model’s ability to dis-
criminate between individuals who developed ARDS and
those who did not. Furthermore, 95% confidence inter-
vals (CI) were estimated using the ci.auc function, ensur-
ing the reliability of the AUC estimates. Delong test was
used to calculate the P-value for the candidate prediction
model by comparing its AUC to that of the basic model
[23]. Besides, a nomogram was constructed to facilitate
the risk prediction of ARDS development based on the
multivariate logistic regression model that demonstrates
the optimal prediction performance. This nomogram was
created using R package rms and served as a graphical
tool to estimate an individual’s risk of developing ARDS.
The corresponding calibration was performed via Hos-
mer—Lemeshow test.

Statistical analysis

Wilcoxon signed-rank test, ¢ test or x> test were used to
determine statistical differences of clinical features or
candidate genes between ARDS cases and non-ARDS
controls when appropriate. ANOVA test was performed
to determine statistical differences among gene expres-
sion in mice lung tissue samples at different time points.
All statistical analyses were performed using R (version
4.2.1).

Results

Causal factors profiles of ARDS via MR-pheWAS

The overall workflow of the study is depicted in Fig. 1.
Initially, a total of 33,150 traits were evaluated for their
causal effects on ARDS development. Following a rigor-
ous filtering process, 1,736 traits were found to be sig-
nificantly associated with ARDS for further investigation.
These traits were then categorized into three groups,
including 1223 blood genes, 159 plasma proteins, and
354 non-gene phenotypes. Particularly, 354 non-gene
traits were further classified into six subgroups, namely
Biochemistry, Anthropometry, Disease, Nutrition and
Habit, Immunology, and Treatment (Fig. 2A and supple-
mentary Table E2).

To facilitate access to our findings, we developed a
user-friendly online tool: Causal traits for Acute Res-
piratory Distress Syndrome (CARDS; https://mulongdu.
shinyapps.io/cards/). This visualization tool comprises
three modules of “MR-pheWAS’, “ARDS RNA-Seq’, and
“Citation & Contact” For instance, the user can enter
“transmembrane protein” in the “Search” box of “MR-
pheWAS” module to obtain its causal effect on ARDS
development (Fig. 2B).

Further, to integrate the genetic information, we com-
pared the causal estimates of both blood genes and
plasma proteins derived from MR analysis. Interestingly,
we observed seven circulating biomarkers in consistent
direction of effect estimates (Fig. 2C), including CPXM 1,
IL7R, P13, CTSS, SIGLEC7, ENG, and HBZ.

Validation of gene biomarkers in ARDS human blood

and mouse lung tissues

To validate the potential blood gene biomarkers, we
conducted RNA-Seq analysis on blood transcriptome of
160 ARDS cases and 142 non-ARDS controls. By merg-
ing putative blood genes identified through MR analysis,
we observed 988 available blood genes and five of which,
including TMEM176B, SLC2AS, CDC45, HTRA3, and
VSIGS, exhibited differential expression between cases
and controls (four up-regulated and one down-regu-
lated; Fig. 3A-D and supplementary Fig. 1). As HTRA3
showed inconsistent effects in both MR analysis and
RNA-Seq results, we therefore kept four remaining genes
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Fig. 1 Flowchart of the study design. This study contains three main stages: identification, validation, and application. In the identification stage,
an MR-pheWAS was conducted to profile potential individual causal factors and biomarkers associated with ARDS development. In the validation
stage, we used peripheral blood transcriptome analysis and a preclinical mouse model to validate biomarkers implicated in the pathogenesis of
ARDS. In the application stage, we developed a CARDS platform including individual causal factors and biomarkers, as well as a risk prediction tool
to enhance clinical management and informed decision-making for ARDS

for subsequent analysis. As well, the reactive version of
Supplementary Fig. 1 is accessed on CARDS platform,
in which users can select the dots of interest to view the
results of differential expression analyses.

In addition, we assess the potential biological effects of
four candidate genes in ARDS pathobiology via a preclin-
ical model of lung injury induced by LPS and observed
their dynamic expression patterns (Fig. 3E-H) that both
SLC2A5 and VSIG8 showed the increased expression
in response to LPS exposure, and TMEMI176B initially
exhibited decreased expression in the first 4 h after LPS
exposure but then showed a dramatic increase. Con-
versely, CDC45 presented the opposite pattern, with
increased expression initially followed by a decrease.

Correlation between candidate gene expression

and immune cell proportion

Considering the potential role of the four mentioned
genes in specific immune pathways [24—27], we explored
their relationships with immune cell proportions decom-
posed via the blood transcriptome. Initially, five out of
22 immune cell fractions were significantly upregulated

in 160 ARDS cases compared to 142 non-ARDS con-
trols, including naive B cells, activated CD4+ memory
T cells, regulatory T cells (Tregs), MO macrophages, and
M2 macrophages (supplementary Fig. 2). The correlation
among candidate genes and abundances of five immune
cell types were further analyzed for ARDS cases and non-
ARDS controls, respectively, and we intuitively observed
distinct correlation pattern between cases and controls
(Fig. 4). Specifically, TMEM176B showed a significant
positive correlation with Tregs in ARDS cases but with
M2 macrophages in non-ARDS controls; SLC2A5 was in
a negative correlation with activated CD4+ memory T
cells in cases but negligible in controls; CDC45 exhibited
positive correlations with both activated CD4 + memory
T cells and Tregs in cases, while with MO macrophages
in controls; however, there was no significant correlation
between VSIG8 and immune cells.

Construction of ARDS risk prediction model via blood gene
expression and immune cell proportion

With the basic model (APACHE III score, sex, BMI,
bacteremia, and sepsis) as a reference, we observed an
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increased AUC value with the inclusion of candidate
biomarkers (supplementary Table E3). Notably, both
the combination of four blood genes (AUC=10.756, 95%
confidence interval (CI)=0.683-0.828, Ppgj,n,=0.059;
Fig. 5A) and the additional combination of five blood

immune cell proportions (AUC=0.791, 95% CI=0.722—
0.860, Ppeiong=0.004; Fig. 5A) had significantly higher
AUC values than the basic model (AUC=0.725, 95%
CI=0.646-0.804; Fig. 5A). Moreover, we developed a
risk prediction nomogram based on the optimal model
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Fig. 3 Expression patterns of four candidate causal genes. A-D Expression levels of TMEM176B, SLC2A5, CDC45, and VSIG8 in 160 ARDS cases and
142 non-ARDS controls. P values were calculated by Wilcoxon signed-rank test. E-H Gene expression of four genes in mice after exposure to LPS for

1,2,4,18 h (s) from GSE9314. P values were calculated via ANOVA test

including variables of APACHE III score, sex, BMI, bac-
teremia, sepsis, four blood genes, and five blood immune
cell proportions (Fig. 5B). Each patient’s characteristic
was assigned “Points” based its position on the respec-
tive axis, and the total points were calculated on the
“Total Points” line to determine an individual’s prob-
ability of developing ARDS as indicated on the “Risk of
ARDS” line. The calibration plot demonstrated the opti-
mal agreement between the prediction probabilities from
the nomogram and the actual observations (Fig. 5C).
Furthermore, we observed the differential performance
of the optimal prediction model for each ARDS subtype
(supplementary Table E4).

Discussion

In this study, we utilized the MR-pheWAS framework to
profile 1736 potential individual causal factors involv-
ing ARDS development, among which we determined
biomarkers of four blood genes and five blood immune
cell proportions through human blood and a preclinical
mouse lung model. Ultimately, we constructed a CARDS
platform to show all candidate causal factors and a nom-
ogram to effectively predict ARDS risk.

The use of MR analysis has become widespread for
assessing causal relationships between exposures and
outcomes of interest [28]. In this study, we employed an
MR-pheWAS approach, which represents a powerful
and novel design in causal inference [29]. This allowed
us to expand the scope of our investigation by conduct-
ing thousands of MR analyses encompassing the entire
phenome, enabling us to uncover the potential causal
factors contributing to ARDS development. Moreover,
we confirmed and validated findings through transcrip-
tomic data of both human blood and mouse lung tissues,
ultimately leading to the identification of TMEM1I176B,
SLC2AS5, CDC45, and VSIGS as promising biomarkers for
ARDS.

A recent study demonstrated that knockout of
TMEM176B enhanced inflammasome activation and
interleukin-1f release, leading to an augmentation of
CD8+T cell-mediated inhibition of tumor growth [30].
Additionally, TMEM176B acts as a negative regulator of
NLRP3 inflammasome activation and downstream mac-
rophage stimulation [31]. Molecular mechanism studies
have revealed that GLUT5 (encoded by SLC2A5)-medi-
ated fructose utilization was required to suppress AMPK



52

A >
«0
S
Q}\Q &O
& 2
Q <
@ ou"
N QO

Q;b 9
¥ NS

i <&
. O
naive B cells v Q
& &
N S5

activated CD4+ memory
Tcells

regulatory T cells

non-ARDS control

significance (P<0.05)

S
¥ &
MO Macrophages X\
o
N
M2 Macrophages — * %
fl/v
O
2%
TMEM176B *
®
®
SLC2A5 = .
)
&
CDC45 %
VSIG8 * * .

B
&
)
& g
o@\\ &
o0 &
.0\4 4
N O
& @
& &
) & <°
naive B cells K4 Q
& &
activated CD4+ memory . @ O@Q
T cells &4 &

regulatory T cells

MO Macrophages

M2 Macrophages

TMEM1768 o 4
©
o
&
SLC2A5 * * .
>
o
N

CDC45 * * . .

VsIG8 .

ARDS case

Fig. 4 Correlation of gene expression and immune cell fraction in ARDS cases and non-ARDS controls. Correlation matrix plot showed pairwise
similarity (Spearman correlation) between four blood genes and abundances of five immune cell types across 142 non-ARDS controls (A) and 160
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activity and subsequently activate mTORCI1 activity [32].
Moreover, an enrichment analysis showed that high
SLC2AS expression was positively correlated with gene
sets of the inhibition of macrophages and T cells [33].
CDC45 has been shown to interact with minichromo-
some maintenance proteins and DNA polymerase alpha
[25]. The elevated CDC45 could facilitate the transition
from G1 phase to S phase by modulating the expression
of cell cycle-related genes [34]. VSIG-8, a member of
the V-set and immunoglobulin domain family, has been
reported to interact with V-region immunoglobulin-
containing suppressor of T cell activation, leading to the
inhibition of T cell function [35]. Collectively, these stud-
ies indicated the potential immunoregulation involved in
the development of ARDS.

T cells appear to be an important modulator in resolv-
ing lung injury evidenced by mouse models and human
biospecimens [36, 37]. Interestingly, our study focused on
transcriptome analyses to dissect the functions of T cells
in ARDS, revealing that TMEM176B highly influenced
Tregs fractions in blood. Besides, TMEM176B showed
a dynamic expression pattern in the duration of ARDS.
These results suggest the vital role of TMEM176B in lung
immunity, particularly through the regulation of Tregs,
during the dynamic development of ARDS.

To facilitate early intervention and treatment for ARDS,
it is important to establish a pre-respiratory failure ARDS
diagnosis. Clinically, researchers have emphasized the
importance of implementing protective lung ventilation
strategies in preventing ventilator-induced lung injury,
exemplified by low tidal volume ventilation and posi-
tive end-expiratory pressure [38, 39]. Similarly, adhering
to restrictive transfusion strategies based on established
hemoglobin thresholds and clinical indications is pivotal
in minimizing the risk of transfusion-related complica-
tions [40]. In addition, an effective prediction model
would also improve the clinical management of ARDS.
In this study, we observed a moderate baseline prediction
model based on clinical basic variables of APACHE III
score, sex, BMI, bacteremia, and sepsis, but the modeling
performance was dramatically increased by incorporat-
ing four blood gene biomarkers and five blood immune
cell proportions. These findings highlight the possibility
of improving the precision prediction of ARDS develop-
ment through introducing molecular biomarkers.

We acknowledged limitations in the present study.
First, the methods for MR analysis possess inherent
deficiency when inferring causality for a large number
of traits, as was the case with our analysis of 33,150
traits. Therefore, further investigations should aim to
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refine our findings using more robust MR methodolo-
gies and validate them using randomized controlled
trials. Second, the biological functions of candidate
biomarkers were rarely studied, particularly from an
immunological perspective. Further studies are needed
to explore the underlying mechanisms of how four
genes contribute to the occurrence and development
of ARDS, focusing on their specific roles within the
immune system. Third, while our ARDS risk prediction
model showed promise, its performance could poten-
tially be improved by incorporating additional clinical
variables, such as the Sequential Organ Failure Assess-
ment score and the measure of fragility. Additionally,
the corresponding performance comparison against
other well-established models is warranted.

In conclusion, this comprehensive study highlights
the importance of utilizing the MR-pheWAS frame-
work in unraveling the complex etiology and patho-
genesis of ARDS, and further underlines the value
of integrating blood-based biomarkers into the basic
model in enhancing the precision of ARDS risk predic-
tion. These findings have significant implications for
risk assessment, early detection, and potential guidance
of therapeutic strategies in the management of ARDS.

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1007/500134-023-07248-9.

Author details

! School of Medicine, Nanjing Medical University, Nanjing, Jiangsu, China.

2 Department of Biostatistics, Center for Global Health, School of Public Health,
Nanjing Medical University, 101 Longmian Avenue, Nanjing 211166, Jiangsu,
China. > Department of Bioinformatics, School of Biomedical Engineering

and Informatics, Nanjing Medical University, Nanjing, Jiangsu, China.  Depart-
ment of Environmental Health, Harvard TH. Chan School of Public Health, 655
Huntington Avenue, Boston, MA 02115, USA. 5 Department of Emergency, The
First Affiliated Hospital of Nanjing Medical University, Nanjing, Jiangsu, China.
6 Pulmonary and Critical Care Unit, Department of Medicine, Massachusetts
General Hospital/Harvard Medical School, Boston, MA, USA.

Acknowledgements

The authors acknowledge the patients of the ARDS cohorts who graciously
agreed to participate in this study. They also acknowledge the nurses, physi-
cians, and staff in the medical and surgical ICUs who participated in the
clinical care of the enrolled patients. The authors also thank Joe G. N. Garcia
(University of Arizona, Tucson, AZ, USA) for his data sharing of preclinical
mouse model.

Author contributions

SRC, HQL and JYX performed formal analysis, data visualization, and draft. LS
performed the data collection. ZHJ, ZYZ, JWL and YKZ joined the program-
ming and data curation. PPH and LJ administrated the project. MLD and DCC
designed and supervised the project. MLD and DCC reviewed and edited the
manuscript. DCC acquired the funding support.

Funding
This study was supported by US NIH # ROTHL060710 and P30ES000002.

Data availability
For the iSPAAR consortium dataset, the genotype data and relevant covariate
information (age, sex, ancestry, principal components, etc.) are deposited in

dbGaP under accession code phs000631.v1.p1. For MESSI and the African
American dataset, dbGaP submission is forthcoming in accordance with the
NIH genomic data sharing policy. In advance of their availability on dbGaP, full
summary statistics are available on reasonable request to the authors.

Declarations

Confilicts of interest
The authors have declared that no conflict of interest.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds exclusive
rights to this article under a publishing agreement with the author(s) or other
rightsholder(s); author self-archiving of the accepted manuscript version of
this article is solely governed by the terms of such publishing agreement and
applicable law.

Received: 29 May 2023 Accepted: 8 October 2023
Published: 3 November 2023

References

1. FanE, Brodie D, Slutsky AS (2018) Acute respiratory distress syndrome:
advances in diagnosis and treatment. JAMA 319:698-710

2. Meyer NJ, Gattinoni L, Calfee CS (2021) Acute respiratory distress syn-
drome. Lancet 398:622-637

3. Bellani G, Laffey JG, Pham T, Fan E, Brochard L, Esteban A, Gattinoni L, van
Haren F, Larsson A, McAuley DF, Ranieri M, Rubenfeld G, Thompson BT,
Wrigge H, Slutsky AS, Pesenti A (2016) Epidemiology, patterns of care,
and mortality for patients with acute respiratory distress syndrome in
intensive care units in 50 countries. JAMA 315:788-800

4. Namendys-Silva SA, Gutiérrez-Villasefior A, Romero-Gonzélez JP (2020)
Hospital mortality in mechanically ventilated COVID-19 patients in
Mexico. Intensive Care Med 46:2086-2088

5. Bernard GR, Artigas A, Brigham KL, Carlet J, Falke K, Hudson L, Lamy M,
Legall JR, Morris A, Spragg R (1994) The American-European European
Consensus Conference on ARDS. Definitions, mechanisms, relevant
outcomes, and clinical trial coordination. Am J Respir Crit Care Med
149:818-824

6. Kojicic M, Li G, Hanson AC, Lee K-M, Thakur L, Vedre J, Ahmed A, Baddour
LM, Ryu JH, Gajic O (2012) Risk factors for the development of acute lung
injury in patients with infectious pneumonia. Crit Care 16:R46

7. Lee A Festic E, Park PK, Raghavendran K, Dabbagh O, Adesanya A, Gajic
O, Bartz RR (2014) Characteristics and outcomes of patients hospitalized
following pulmonary aspiration. Chest 146:899-907

8. Treggiari MM, Hudson LD, Martin DP, Weiss NS, Caldwell E, Rubenfeld G
(2004) Effect of acute lung injury and acute respiratory distress syndrome
on outcome in critically ill trauma patients. Crit Care Med 32:327-331

9. Asselah T, Durantel D, Pasmant E, Lau G, Schinazi RF (2021) COVID-19:
discovery, diagnostics and drug development. J Hepatol 74:168-184

10. Reddy MP, Subramaniam A, Chua C, Ling RR, Anstey C, Ramanathan K,
Slutsky AS, Shekar K (2022) Respiratory system mechanics, gas exchange,
and outcomes in mechanically ventilated patients with COVID-19-related
acute respiratory distress syndrome: a systematic review and meta-analy-
sis. Lancet Respir Med 10:1178-1188

11. Lin Z, Pearson C, Chinchilli V, Pietschmann SM, Luo J, Pison U, Floros J
(2000) Polymorphisms of human SP-A, SP-B, and SP-D genes: association
of SP-BThr131lle with ARDS. Clin Genet 58:181-191

12. Annoni F, Orbegozo D, Rahmania L, Irazabal M, Mendoza M, De Backer
D, Taccone FS, Creteur J, Vincent J-L (2019) Angiotensin-converting
enzymes in acute respiratory distress syndrome. Intensive Care Med
45:1159-1160

13. Suarez-Pajes E, Tosco-Herrera E, Ramirez-Falcon M, Gonzalez-Barbuzano
S, Hernandez-Beeftink T, Guillen-Guio B, Villar J, Flores C (2023) Genetic


https://doi.org/10.1007/s00134-023-07248-9
https://doi.org/10.1007/s00134-023-07248-9

55

20.

21.

22.

23.

24.

25.

26.

determinants of the acute respiratory distress syndrome. J Clin Med
12:3713

Liu S, Crawford DC (2022) Maturation and application of phenome-wide
association studies. Trends Genet 38:353-363

Bastarache L, Denny JC, Roden DM (2022) Phenome-wide association
studies. JAMA 327:75-76

Bush WS, Oetjens MT, Crawford DC (2016) Unravelling the human
genome-phenome relationship using phenome-wide association stud-
ies. Nat Rev Genet 17:129-145

Holmes MV, Richardson TG, Ference BA, Davies NM, Davey Smith G (2021)
Integrating genomics with biomarkers and therapeutic targets to invigor-
ate cardiovascular drug development. Nat Rev Cardiol 18:435-453
Hemani G, Zheng J, Elsworth B, Wade KH, Haberland V, Baird D, Laurin

C, Burgess S, Bowden J, Langdon R, Tan VY, Yarmolinsky J, Shihab HA,
Timpson NJ, Evans DM, Relton C, Martin RM, Davey Smith G, Gaunt TR,
Haycock PC (2018) The MR-Base platform supports systematic causal
inference across the human phenome. Elife. https://doi.org/10.7554/
elife.34408

Du M, Garcia JGN, Christie JD, Xin J, Cai G, Meyer NJ, Zhu Z, Yuan Q, Zhang
Z,SuL, Shen S, Dong X, Li H, Hutchinson JN, Tejera P, Lin X, Wang M, Chen
F, Christiani DC (2021) Integrative omics provide biological and clinical
insights into acute respiratory distress syndrome. Intensive Care Med
47:761-771

Zhang R, Wang Z, Tejera P, Frank AJ, WeiY, Su L, Zhu Z, Guo Y, Chen F,
Bajwa EK, Thompson BT, Christiani DC (2017) Late-onset moderate to
severe acute respiratory distress syndrome is associated with shorter
survival and higher mortality: a two-stage association study. Intensive
Care Med 43:399-407

Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, Hoang CD,
Diehn M, Alizadeh AA (2015) Robust enumeration of cell subsets from
tissue expression profiles. Nat Methods 12:453-457

Bime C, Pouladi N, Sammani S, Batai K, Casanova N, Zhou T, Kempf CL,
Sun X, Camp SM, Wang T, Kittles RA, Lussier YA, Jones TK, Reilly JP, Meyer
NJ, Christie JD, Karnes JH, Gonzalez-Garay M, Christiani DC, Yates CR,
Wurfel MM, Meduri GU, Garcia JGN (2018) Genome-wide association
study in African Americans with acute respiratory distress syndrome iden-
tifies the selectin P ligand gene as a risk factor. Am J Respir Crit Care Med
197:1421-1432

Delong ER, DeLong DM, Clarke-Pearson DL (1988) Comparing the areas
under two or more correlated receiver operating characteristic curves: a
nonparametric approach. Biometrics 44:837-845

Wang J, Wu G, Manick B, Hernandez V, Renelt M, Erickson C, Guan J, Singh
R, Rollins S, Solorz A, Bi M, Li J, Grabowski D, Dirkx J, Tracy C, Stuart T, Ellin-
ghuysen C, Desmond D, Foster C, Kalabokis V (2019) VSIG-3 as a ligand of
VISTA inhibits human T-cell function. Immunology 156:74-85
Jenkyn-Bedford M, Jones ML, Baris Y, Labib KPM, Cannone G, Yeeles JTP,
Deegan TD (2021) A conserved mechanism for regulating replisome
disassembly in eukaryotes. Nature 600:743-747

Hill M, Russo S, Olivera D, Malcuori M, Galliussi G, Segovia M (2022) The
intracellular cation channel TMEM176B as a dual immunoregulator. Front
Cell Dev Biol 10:1038429

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

Teixeira GP, Faria RX (2021) Influence of purinergic signaling on glucose
transporters: a possible mechanism against insulin resistance? Eur J
Pharmacol 892:173743

Tin A, Kottgen A (2021) Mendelian randomization analysis as a tool

to gain insights into causes of diseases: a primer. J Am Soc Nephrol
32:2400-2407

Liu Z, Suo C, Jiang Y, Zhao R, Zhang T, Jin L, Chen X (2022) Phenome-wide
association analysis reveals novel links between genetically determined
levels of liver enzymes and disease phenotypes. Phenomics 2:295-311
Segovia M, Russo S, Jeldres M, Mahmoud YD, Perez V, Duhalde M, Charnet
P, Rousset M, Victoria S, Veigas F, Louvet C, Vanhove B, Floto RA, Anegon |,
Cuturi MC, Girotti MR, Rabinovich GA, Hill M (2019) Targeting TMEM176B
enhances antitumor immunity and augments the efficacy of immune
checkpoint blockers by unleashing inflammasome activation. Cancer Cell
35:767

Jing L, AnY, CaiT, Xiang J, Li B, Guo J, Ma X, Wei L, Tian Y, Cheng X, Chen
X, Liu Z, Feng J,Yang F, Yan X, Duan H (2023) A subpopulation of CD146+
macrophages enhances antitumor immunity by activating the NLRP3
inflammasome. Cell Mol Immunol 20:908-923

Chen WL, Jin X, Wang M, Liu D, Luo Q, Tian H, Cai L, Meng L, Bi R, Wang L,
Xie X,Yu G, Li L, Dong C, Cai Q, Jia W, Wei W, Jia L (2020) GLUT5-mediated
fructose utilization drives lung cancer growth by stimulating fatty acid
synthesis and AMPK/mTORC1 signaling. JCl Insight. https://doi.org/10.
1172/jciinsight.131596

Zhang Y, Qin H, Bian J, Ma Z, Yi H (2022) SLC2As as diagnostic markers
and therapeutic targets in LUAD patients through bioinformatic analysis.
Front Pharmacol 13:1045179

Yeeles JTP, Deegan TD, Janska A, Early A, Diffley JFX (2015) Regulated
eukaryotic DNA replication origin firing with purified proteins. Nature
519:431-435

Chen W, Qie C, Hu X, Wang L, Jiang J, Liu W, Liu J (2022) A small molecule
inhibitor of VSIG-8 prevents its binding to VISTA. Invest New Drugs
40:690-699

Zhou M, Fang H, Du M, Li C, Tang R, Liu H, Gao Z, Ji Z, Ke B, Chen X-LJFii,
(2019) The modulation of regulatory T cells via HMGB1/PTEN/B-catenin
axis in LPS induced acute lung injury. Front Immunol 10:1612

Wang Z,Yang X, Zhou Y, Sun J, Liu X, Zhang J, Mei X, Zhong J, Zhao J,

Ran P (2020) COVID-19 severity correlates with weaker T-cell immunity,
hypercytokinemia, and lung epithelium injury. Am J Respir Crit Care Med
202:606-610

Grieco DL, Maggiore SM, Roca O, Spinelli E, Patel BK, Thille AW, Barbas
CSV, de Acilu MG, Cutuli SL, Bongiovanni F, Amato M, Frat J-P, Mauri T,
Kress JP, Mancebo J, Antonelli M (2021) Non-invasive ventilatory support
and high-flow nasal oxygen as first-line treatment of acute hypoxemic
respiratory failure and ARDS. Intensive Care Med 47:851-866

ShiR, Ayed S, Moretto F, Azzolina D, De Vita N, Gavelli F, Carelli S, Pavot

A, Lai C, Monnet X, Teboul J-L (2022) Tidal volume challenge to predict
preload responsiveness in patients with acute respiratory distress syn-
drome under prone position. Crit Care 26:219

Zampieri FG, Bagshaw SM, Semler MW (2023) Fluid therapy for critically ill
adults with sepsis: a review. JAMA 329:1967-1980


https://doi.org/10.7554/eLife.34408
https://doi.org/10.7554/eLife.34408
https://doi.org/10.1172/jci.insight.131596
https://doi.org/10.1172/jci.insight.131596

	Identification of genetic profile and biomarkers involved in acute respiratory distress syndrome
	Abstract 
	Purpose: 
	Methods: 
	Results: 
	Conclusion: 

	Introduction
	Methods
	Data available
	Causal inference via MR analysis
	Transcriptomic profile of blood of ARDS and non-ARDS patients
	Transcriptomic profile of lung tissues of a preclinical mouse model
	Construction of prediction model and nomogram
	Statistical analysis

	Results
	Causal factors profiles of ARDS via MR-pheWAS
	Validation of gene biomarkers in ARDS human blood and mouse lung tissues
	Correlation between candidate gene expression and immune cell proportion
	Construction of ARDS risk prediction model via blood gene expression and immune cell proportion

	Discussion
	Acknowledgements
	References




