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Abstract

Background Numerous studies have documented significant alterations in the bodily fluids of Chronic Obstructive
Pulmonary Disease (COPD) patients. However, existing literature lacks causal inference due to residual confounding
and reverse causality.

Methods Summary-level data for COPD were obtained from two national biobanks: the UK Biobank, comprising
1,605 cases and 461,328 controls, and FinnGen, with 6,915 cases and 186,723 controls. We also validated our

findings using clinical data from 2,690 COPD patients and 3,357 healthy controls from the First Affiliated Hospital of
Guangzhou Medical University. A total of 44 bodily fluid biomarkers were selected as candidate risk factors. Mendelian
randomization (MR) and meta-analyses were used to evaluate the causal effects of these bodily fluids on COPD and
lung function (FEV1/FVC).

Results Mendelian randomization (MR) and meta-analyses, by integrating data from the UK Biobank and FinnGen
cohort, found that 3 bodily fluids indicators (HDLC, EOS, and TP) were causally associated with the risk of COPD, two
(EOS and TP) of which is consistent with our observational findings. Moreover, we noticed EOS and TP were causally
associated with the risk of lung function (FEV1/FVC).

Conclusions The MR findings and clinical data highlight the independent and significant roles of EOS and TP in the
development of COPD and lung function (FEV1/FVC), which might provide a deeper insight into COPD risk factors
and supply potential preventative strategies.
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preventive measures for COPD [2]. The disease’s diverse
pathophysiology and clinical features, which differ sig-
nificantly among patients, contribute to its complexity,
making treatment protocols challenging [4]. Recent stud-
ies have identified notable changes in the bodily fluids of
COPD patients, indicating that understanding the dis-
ease’s origin and potential treatment strategies might be
achieved through comprehensive analysis of these fluids
[5, 6].

In the field of observational epidemiology, Mende-
lian randomization (MR) has emerged as an increas-
ingly valuable tool for evaluating causal relationships [7].
The popularity of MR has surged over the past decade,
primarily due to its innovative use of genetic variations
as instrumental variables [8]. These genetic variations
are employed to explore causal relationships between
modifiable risk factors and health outcomes within
observational data sets [9]. Compared to conventional
observational studies, MR reduces confounding from
environmental factors since allelic genes are randomly
assigned and set during gamete formation and concep-
tion [10]. Additionally, MR addresses reverse causation
bias as the allelic randomization precedes disease onset.

In the current study, we obtained the summary-level
statistical data for 44 bodily fluid factors from large-scale
GWAS and sought to infer potential causal associations
of these candidate indicators on COPD. Subsequently,
meta-analyses were applied to evaluate the combined
causal effect of bodily fluid indicators on COPD. Lastly,
we gathered clinical data on these candidate indicators
from healthy individuals and COVID-19 patients to ver-
ify the MR findings.

Methods

Study design

The two-sample Mendelian randomization (MR) analy-
sis is an instrumental variable (IV) analysis extensively
employed to assess the causal impact of exposures on
outcomes using genetic variants as IVs of exposure
[10-12]. Three fundamental assumptions underlie MR
studies: Firstly, the genetic variants chosen as I'Vs must
be strongly associated with the exposure (Assumption
1). Secondly, the selected variants should not be associ-
ated with any confounders (Assumption 2). Thirdly, the
utilized variants should not be associated with the out-
come except through the exposure (Assumption 3). Since
this study involves a re-analysis of publicly accessible
summary-level data from large Genome-Wide Associa-
tion Studies (GWAS), no additional ethical approval was
required. Meta-analyses were subsequently conducted
to evaluate the combined causal effect. An observational
study in China was used to verify the reliability and
repeatability of the MR results. The workflow is displayed
in Fig. 1.
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Collection of GWAS summary datasets

Summary-level data on chronic obstructive airways dis-
ease (COPD) were obtained from two nationwide bio-
banks: UK Biobank and FinnGen. Chronic obstructive
airway disease was defined by J44 in the International
Classification of Diseases, 10th Revision (ICD-10). A
total of 44 bodily fluid markers were selected as candi-
date risk factors, and these were categorized into six
major groups: hematological, kidney-related, liver-
related, metabolic, urine, and other biochemical traits.
The summary-level statistical European ancestry data for
various factors such as white blood cell count (WBC),
basophil cell count (BASO), etc., were downloaded from
the Blood Cell Consortium [13, 14]. Data for factors like
neutrophil count (NEU), red blood cell count (RBC), and
others were sourced from the UK Biobank GWAS [15,
16]. Data for glomerular filtration rate (GFR) was sourced
from a large mixed-population GWAS [17], and data for
myoglobin levels (MB) were obtained from another large
GWAS [18]. Data for lung function (FEV1/FVC) were
obtained from a large GWAS [19].

A rigorous quality control procedure was initiated to
identify eligible single-nucleotide polymorphisms (SNPs)
that could serve as instrumental variables. Initially, SNPs
with a genome-wide significance level (P<5e-8) were col-
lected. To estimate linkage disequilibrium (LD) between
the SNPs, an LD clumping process was employed with
criteria set at LD r2<0.001 and a clumping distance cut-
off of 10,000 kb. To mitigate the risk of pleiotropy, we
used Phenoscanner?2 to check if any of the exposure-asso-
ciated SNPs were correlated with known confounders of
urolithiasis. Subsequently, SNPs that were not present
in the outcome GWAS were removed, along with those
that showed no significant association with the outcome
(P>5e-5). The final selection comprised more than three
SNPs. Harmonization techniques were then applied to
exclude palindromic and incompatible SNPs. To assess
the potential for weak instrumental variable bias, we cal-
culated the F statistic based on the formula F = (R*2 / (1 -
R"2)) x ((n - k=1) / k), where R*2=2 x MAF x (1 - MAF)
x Beta”2, n represents the sample size, k is the number of
instrumental variables, and MAF is the minor allele fre-
quency [20].

Observational studies in China

Clinical data pertaining to candidate risk factors were
collected through a retrospective review of electronic
health records at the First Affiliated Hospital of Guang-
zhou Medical University from 2021 to 2022. Our study
included participants aged between 18 and 65 years.
Those with missing information were excluded, result-
ing in a final analytical sample consisting of 2,690 COPD
patients and 3,357 healthy controls. The demographic
information of the participants is summarized in Table
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Summary-level data on chronic obstructive airway disease
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Fig. 1 The geographical locations of three cohorts and summarization of the sample size (the proportion of cases) of MR studies

S1. Logistic regression was used to control for poten-
tial confounders and to generate odds ratios. Given the
retrospective nature of our research, additional ethical
approval was not required according to the Ethics Com-
mittee of the First Affiliated Hospital of Guangzhou
Medical University.

Statistical analyses
The TwoSampleMR package in R version 4.02 was
used for conducting MR analyses. After harmonizing

the effect alleles between the GWAS of exposures and
COPD, the conventional fixed-effects inverse-variance
weighted (IVW) method served as the primary statisti-
cal model for estimating causality. Estimates were then
pooled using meta-analysis. In cases of low heterogene-
ity (I2<50%), a fixed-effects model was applied, whereas
a random-effects model was used otherwise. The IVW
method presupposes that the instruments influence the
outcome solely through the exposure in question [21].
Additionally, MR-Egger and weighted-median methods
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Table 1 Baseline characteristics of participants
Healthy individuals COPD patients P

N=3357 N=2690
Age[mean(SE)] 3745+11.12 5845+ 552 <0.001*
Gender(%) <0.001*
Male 44.65% 92.19%
Female 55.35% 7.81%

*:. Significantly different between healthy individuals and COPD patients
(p<0.05).

Categorical variables are expressed as numbers (percentages).

Normally distributed continuous variables are presented as means + SDs.

were employed as supplements to IVW [22, 23]. Tests for
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directional pleiotropy using MR-Egger and Cochran’s Q
statistics were also conducted.

Results

Summary-level data on COPD were sourced from
two nationwide biobanks and included in our analy-
ses (Table 1). The sample sizes and case proportions
are depicted in Fig. 1. In the UK Biobank (UKB) cohort,
1,605 COPD cases and 461,328 controls were analyzed.
In the FinnGen cohort, the numbers were 6,915 cases and
186,723 controls. We selected 44 bodily fluids markers as
candidate risk factors (Fig. 2). The range of instrumental
variables for these markers varied from 7 to 510. Almost

44 body fluids risk factors

Trait name

Hematological traits
White blood cell count (WBC)
Eosinophil cell count (EOS)
Basophil count (BASO)
Lymphocyte cell count (LYM)
Monocyte cell count (MONO)
Neutrophil cell count (NEU)
Red blood cell count (RBC)
Hematocrit (HCT)
Hemoglobin concentration (HGB)
Red cell distribution width (RDW)
Mean platelet (thrombocyte) volume (MPYV)
Mean corpuscular volume (MCV)
Mean corpuscular hemoglobin concentration (MCHC)
Mean corpuscular hemoglobin (MCH)
Plateletcrit (PCT)
Platelet count (PLT)
Platelet distribution width (PDW)

Kidney-related traits

Serum creatinine (sCr)

Serum cystatin C (eGFRcys)

Glomerular filtration rate (GFR)
Other biochemical traits
Myoglobin levels (MB)
C-Reactive protein (CRP)

Trait_name

Metabolic traits
Blood sugar/Glucose
HDL cholesterol (HDLC)
LDL cholesterol (LDLC)
Triglyceride (TG)
Total cholesterol (TC)
apolipoprotein A-I (ApoA-I)
apolipoprotein B (ApoB)
Hemoglobin Alc (HbAlc)

Urine traits
Potassium in urine
Microalbumin in urine
Urinary albumin-to-creatinine ratio

Urinary albumin excretion
Urinary sodium-potassium ratio
Creatinine (enzymatic) in urine

Sodium in urine

Liver-related traits
Albumin (ALB)
Alkaline phosphatase (ALP)
Alanine aminotransferase (ALT)
Aspartate aminotransferase (AST)
Gamma glutamyltransferase (GGT)
Total protein (TP)
Total bilirubin (Thil)

Fig. 2 Summary of the peripheral markers selected from large-scale Genome-wide association studies
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all the markers had strong genetic instruments, with F
statistics greater than 10 for 42 out of 44 selected factors
(Supplementary Table 1). Detailed information on COPD
independent SNPs (after the clumping process) for body
fluids factors were listed in Supplementary Tables S2-7.
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In the UKB cohort, higher genetically-predicted lev-
els of eosinophil cell count (EOS) and HDL cholesterol
(HDLC) were significantly associated with increased
COPD risk, whereas higher total protein (TP) levels
were linked to decreased risk (Fig. 3A). The odds ratios
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Fig. 3 The causal association of candidate body fluid indicators on COPD. (A). Overview of the associations of 44 candidate markers on COPD. IWV
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(ORs) were 1.0010 (95% CI, 1.0004—1.0017) per a one-SD
increase in EOS levels, 1.0010 (95% CI, 1.0001-1.0020)
per a one-SD increase in HDLC levels, and 0.9997 (95%
CI, 0.9994-0.9999) per a one-SD increase in TP levels
(Supplementary Table S8).

In the FinnGen cohort, increased levels of EOS, neu-
trophil count (NEU), and gamma-glutamyltransferase
(GGT) were significantly associated with higher COPD
risk, while higher hemoglobin concentration (HGB)
levels were associated with lower risk (Fig. 3A). The
ORs were 1.2613 (95% CI, 1.1546—1.3778) per a one-SD
increase in EOS levels, 1.2142 (95% CI, 1.0845-1.3595)
per a one-SD increase in NEU levels, 1.0040 (95% CI,
1.0002-1.0079) per a one-SD increase in GGT levels, and
0.8658 (95% CI, 0.7549-0.9929) per a one-SD increase in
HGB levels (Supplementary Table S9).

The meta-analysis indicated that HDLC (OR, 1.0010;
95% CI, 1.0001-1.0020) and TP (OR, 0.9997; 95% CI,
0.9994-0.9999) could influence COPD (Fig. 3B). Despite
the meta-analysis failing to confirm the causality of
EOS on COPD due to high inter-study heterogeneity
(I2=96%), EOS emerged as a causal risk factor in both
the UKB and FinnGen cohorts, warranting its consider-
ation as a causal risk factor for COPD.

To verify the reliability of our MR findings, we first col-
lected the clinical data of 2690 COPD patients and 3357
healthy controls from the First Affiliated Hospital of
Guangzhou Medical University (Table S1). In compari-
son with the healthy controls, the COPD patients were
significantly older and predominantly male (Table 1).
Subsequently, we evaluated three candidate indicators in
COPD patients against those in healthy controls. The lev-
els of EOS were found to be significantly higher in COPD
patients as compared to the healthy controls (Fig. 4A-
B). Additionally, levels of TP were significantly lower
in COPD patients (Fig. 4C-D). In contrast, the levels of
HDLC showed no significant difference between COPD
patients and the controls (Fig. 4E-F).

Finally, to further assess the causal relationship
between two candidate factors and the severity of COPD,
we retrieved Genome-Wide Association Study (GWAS)
data on lung function (FEV1/FVC ratio). Increased levels
of EOS were significantly associated with higher COPD
risk, while TP levels were associated with lower risk. The
ORs were 0.9252 (95% CI, 0.9060—0.9449) per a one-
SD increase in EOS levels and 1.0168 (95% CI, 1.0079—
1.0258) per a one-SD increase in TP levels (Table S11).

Discussion

Uncovering the causal relationship between bodily fluid
indicators and Chronic Obstructive Pulmonary Disease
(COPD) in extensive population datasets can offer invalu-
able insights for disease prevention. In present study, the
FinnGen and UKB cohorts were applied to identify the
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causal risk indicators for COPD. Out of 44 potential indi-
cators, we established the causal roles of three including
HDLC, EOS, and TP through Mendelian Randomization
(MR) and meta-analyses. Clinical data validation showed
that two of these indicators (EOS and TP) align with our
MR results. These discoveries could shed new light on
the pathophysiology of COPD and pave the way for inno-
vative diagnostic and therapeutic approaches.

Our research underscores EOS, a biomarker for Type
2 eosinophilic asthma, as a significant causative agent
for COPD. Historically, the overlap between asthma and
COPD, termed Asthma-COPD Overlap (ACO), has been
recognized due to shared features [24]. However, the
exact causality and sequence between the two remain
elusive [25, 26]. A prospective study from as early as 2014
indicated that children with severe asthma, even with-
out a history of smoking, are at a higher risk of develop-
ing COPD in their adult years [27]. Furthermore, prior
research has observed an increase in eosinophilic granu-
locytes in induced sputum and bronchial biopsies during
acute exacerbations [28], and elevated blood eosinophil
levels have been linked to increased COPD mortality
[29]. This suggests a possible causal relationship between
EOS-driven inflammation and COPD. While further vali-
dation is needed, our findings spotlight EOS’s potential
role in COPD treatment and research directions [30].

TP stands as a pivotal marker of nutritional health, and
our initial findings underscore a pronounced decrease in
TP among COPD patients. This decline is further empha-
sized by extensive research linking reduced body weight
to heightened mortality and morbidity rates in these
individuals [31-33]. Nutritional strategies have not only
shown promise in enhancing energy and protein intake
but also in shortening hospital stays and reducing read-
mission rates among other nutrition-centric outcomes
for COPD patients [34, 35]. Furthermore, better nutrition
correlates with significant improvements in respiratory
muscle strength (MIP and MEP) and an uplifted health-
related quality of life (HRQoL) for the malnourished
with COPD [34]. Historically, the nuanced relationship
between COPD, TP levels, weight loss, and cachexia was
ambiguous. It was uncertain whether COPD’s progres-
sion triggered these conditions or if they played a role in
COPD’s onset. Yet, our research supports the causal pro-
tective effect of TP on COPD.

The discovery that HDLC serves as a causative factor
for COPD adds further credence to existing hypotheses
within the academic community [36, 37]. Elevated HDLC
levels in COPD patients have led to multiple interpreta-
tions: some believe these levels indicate a heightened
COPD risk due to HDLC’s interaction with alpha-1 anti-
trypsin and pulmonary surfactants [38, 39]; others see it
as a survival bias, given the co-existence of COPD with
cardiovascular diseases (CVD) and the protective role
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Fig. 4 Difference of the clinical body fluid indicators between COPD patients and healthy individuals. (A). The relative expression of EOS in COPD patients
and healthy individuals. (B). The density plot illustrates the distribution of EOS expression levels in healthy individuals compared to those with COPD. (C).
The relative expression of TP in COPD patients and healthy individuals. (D). The density plot illustrates the distribution of TP expression levels in healthy
individuals compared to those with COPD. (E). The relative expression of HDLC in COPD patients and healthy individuals. (F). The density plot illustrates
the distribution of HDLC expression levels in healthy individuals compared to those with COPD.
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of high HDLC against CVD [40, 41]. Another theory
suggests HDLC directly contributes to COPD develop-
ment by influencing prostaglandin synthesis and glycos-
aminoglycan secretion, which can impact lung function
[42-44]. Our Mendelian Randomization analysis hints
that elevated HDLC levels could predispose individu-
als to COPD. Still, further research, incorporating CVD
variables, further clinical trials is crucial to validate these
theories and guide targeted treatments.

Our in-depth analysis underscores that many of the
identified risk markers have already been associated
with COPD in scholarly literature. Interestingly, several
of these risk factors seem to be interlinked. For instance,
EOS and NEU, both inflammatory cells, exhibit a mutual
relationship, even though they were distinctly analyzed in
our study. Similarly, HDLC and TP, acting as pivotal met-
abolic indicators, demonstrate a multifaceted relationship
with COPD beyond merely serving as risk markers. What
sets our research apart is the systematic use of Mendelian
Randomization (MR) to delve into the impacts of genetic
etiology-induced fluid changes on COPD outcomes. This
novel methodology led us to pinpoint three bodily fluid
factors with significant implications for COPD. Further-
more, our results highlight pronounced variations in
these risk factors across diverse populations, emphasiz-
ing the potential necessity for bespoke biomarkers.

In conclusion, our study sheds light on biomarkers rel-
evant to COPD and lung function, yet we recognize it has
limitations. The UK Biobank and FinnGen GWAS datas-
ets utilized lack data on comorbidities, BMI, and specific
medications like corticosteroids and statins, all of which
can influence TP and HDLC levels. This omission might
introduce potential biases in our results. Additionally, the
demographic scope of our data may limit the generaliz-
ability of our findings across diverse populations. Lasty,
indicators that exhibit differences in observational stud-
ies did not show causality in our analysis, suggesting the
influence of confounding factors inherent in such study
designs.

Despite these constraints, we hope our work will
inform future research that can offer a more holistic view
of biomarkers in COPD, taking into account a broader
array of influencing factors and treatments.
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