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Monocyte CCL2 signaling possibly
contributes to increased asthma
susceptibility in type 2 diabetes

Tian Luo%%>, Weihong Guo%*, Wentao JiZ, WeiWei Du?, Yanhua Lv3*“ & Zhijun Feng***

In recent years, the respiratory system has been increasingly recognized as a key target organ in
diabetes. Although observational studies have established significant clinical associations between
type 2 diabetes (T2D), antidiabetic medication use, and asthma, the causal relationships and
underlying molecular mechanisms remain unclear. This study employed a bidirectional two-sample
Mendelian randomization (MR) approach combined with bioinformatics analysis to explore the
causal relationships between T2D and asthma subtypes and complications, with a focus on immune-
regulatory mechanisms. The MR analysis utilized inverse-variance weighted (IVW) and meta-analysis
methods to evaluate overall effects, with sensitivity analyses confirming the robustness of the
findings. Bioinformatics analysis focused on differential gene expression and pathway enrichment

to identify potential molecular networks. The MR analysis showed that T2D has a significant positive
causal effect on asthma (P <0.05), with severe autoimmune T2D showing strong associations with
specific asthma subtypes (eosinophilic and mixed asthma) and complications (e.g., acute respiratory
infections and pneumonia) (P <0.05). Bioinformatics analysis identified the monocyte-CCL2 signaling
axis as a key mechanism linking T2D and asthma, where hyperglycemia-induced monocyte activation
may promote asthma development. These findings reveal shared inflammatory pathways and deepen
our understanding of the molecular mechanisms linking these two chronic diseases.
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Abbreviations

COPD Chronic obstructive pulmonary disease
EAF Effect allele frequency

GWAS Genome-Wide Association Studies
IVs Instrumental Variables

IVW Inverse-variance weighted

LD Linkage disequilibrium

MARD Mild age-related type 2 diabetes
MORD Mild obesity-related type 2 diabetes
MR Mendelian randomization

SAID Severe autoimmune type 2 diabetes
SIDD Severe insulin-deficient type 2 diabetes
SIRD Severe insulin-resistant type 2 diabetes
SNPs Single nucleotide polymorphisms

STROBE-MR  Strengthening the Reporting of Mendelian Randomization Studies
T2D Type 2 diabetes
Treg Regulatory T cell

Type 2 diabetes (T2D) and asthma represent two of the most prevalent chronic diseases globally, each affecting
millions of individuals'2. T2D manifests as a metabolic disorder characterized by insulin resistance and
pancreatic B-cell dysfunction, while asthma presents as a chronic respiratory condition marked by airway
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inflammation and hyperresponsiveness®. Both conditions significantly impact patient quality of life and pose
substantial burdens on healthcare systems worldwide. Despite advances in treatment strategies, the complex
interplay between these conditions remains poorly understood, particularly regarding their potential causal
relationships and shared pathological mechanisms.

Recentadvancesin precision medicine have revolutionized our understanding of these diseases’ heterogeneity®.
T2D has been newly classified into five distinct subtypes®: severe autoimmune diabetes (SAID), severe insulin-
deficient diabetes (SIDD), severe insulin-resistant diabetes (SIRD), mild obesity-related diabetes (MORD),
and mild age-related diabetes (MARD). Notably, obesity emerges as a critical common risk factor, playing a
central role in both T2D pathogenesis and the development of obesity-associated asthma phenotypes”®. This
shared risk factor suggests potential overlapping pathological pathways, particularly through chronic low-grade
inflammation and metabolic dysregulation®!!. As a predominant metabolic disorder, T2D profoundly impacts
immune cell function and regulation, potentially altering systemic immune responses'!3. This metabolic-
immune interface, further modulated by obesity-induced inflammation, may significantly influence the
susceptibility to immune-mediated diseases. Similarly, asthma manifests in various phenotypes and endotypes,
including allergic, non-allergic, early-onset, and late-onset forms, with obesity-associated asthma emerging as
a distinct phenotype characterized by unique inflammatory patterns!*-!¢. These classifications, coupled with
emerging evidence of shared inflammatory pathways and immune dysregulation between T2D and asthma,
point to complex pathogenic mechanisms involving metabolic, immune, and obesity-related components.
Notably, genetic factors appear to play crucial roles in orchestrating these metabolic-immune interactions,
suggesting common genetic architectures underlying their comorbidity.

Mendelian randomization (MR) analysis has emerged as a effective tool for investigating causal relationships
between diseases while minimizing confounding factors and reverse causality issues'’. By leveraging genetic
variants as instrumental variables (IVs), MR analysis can provide robust evidence for causal associations between
complex traits'S. The availability of large-scale Genome-Wide Association Studies (GWAS) data for both T2D
subtypes and asthma presents an opportunity to systematically examine their genetic relationships and potential
causal links, particularly in the context of immune system regulation and metabolic homeostasis.

This study aims to elucidate the causal relationships between T2D subtypes and asthma using MR analysis
based on GWAS data. By investigating these genetic associations, we seek to uncover novel insights into
how metabolic disturbances in T2D might influence immune system function and subsequent asthma risk.
Understanding these relationships could reveal novel therapeutic targets and identify high-risk populations for
targeted interventions. Moreover, this knowledge could inform personalized treatment strategies, potentially
revolutionizing our approach to managing these complex chronic diseases through integrated metabolic and
immune-based interventions.

Results

Overall levels

Bidirectional causal relationship between T2D and asthma

According to MR guidelines, we initially screened 118 SNPs closely related to the exposure variable (T2D) in
the forward analysis, with detailed information provided in Table S2. For the reverse analysis, 122 SNPs related
to asthma from the openGWAS database (ebi-a-GCST90038616, Table S3) and 18 SNPs from the FinnGen
database (GWAS ID: finn-b-J10_ASTHMA, Table S4) were screened. Detailed information on these SNPs is
provided in Tables S3 and S4. All SNPs had F-values greater than 10, indicating their rationality and validity as
IVs in MR analysis (Fig. 1).

Using the IVW method, the forward analysis results (Fig. 2A, B) indicated a positive causal relationship
between T2D and asthma obtained from the openGWAS database (Fig. 2A, ORy;,,, = 1.0038, P}, = 0.002), while
no significant causal effect was observed with asthma from the FinnGen database (Fig. 2B, OR [y = 1.0224,
Py = 0.2565). To assess the statistical difference in comprehensive effects, a meta-analysis was conducted by
integrating MR results from different databases, confirming a statistically significant causal association between
T2D and asthma at the overall level (Fig. 2C, P_ = 0.0063, OR = 1.004, I? = 0%, Q =0.88, Tau?=0).

In the reverse analysis using the IVW method (Fig. 2D, F), no significant causal relationship was found
between asthma from either the openGWAS (Fig. 2D) or FinnGen databases (Fig. 2E) and T2D (P}, > 0.05).
Meta-analysis results integrating MR results from both databases did not show a statistically significant causal
association between asthma and the risk of T2D (Fig. 2F, P _...>0.05 12=10.68%, Q=1.12, Tau?=0). Detailed
results of these analyses are provided in Table S5.

Meta-analysis of bidirectional MR results from different databases strengthened the evidence for a positive
causal effect of T2D on asthma risk, though individual databases showed varying association strengths. This
finding was further supported by consistent effect directions across different analytical methods, enhancing the
robustness of our conclusions. Specifically, our analyses revealed that T2D might increase asthma susceptibility
through immune-mediated pathways, particularly evident in the SAID subtype. These genetic associations
lay the foundation for further mechanistic investigations into inflammatory pathways and immune responses
shared between T2D and asthma, considering both genetic and environmental factors.

Sensitivity analysis between T2D and asthma

In both forward and reverse analyses, no significant pleiotropy or heterogeneity was observed (Table 1). Assessing
the causal effect estimates of individual SNP related to diabetes on asthma revealed noticeable differences (Fig.
S1). Subsequently, leave-one-out analysis was conducted, removing each SNP one by one. The results (Fig.
S2) showed that excluding a particular SNP only affected the range of maximum and minimum causal effect
estimates but had minimal impact on the overall causal effect estimate direction. This indicates that although
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Fig. 1. The flowchart shows the study design and the details of instrumental variables (IVs) selection. Pink
orange represents different public databases, while light blue represents different demographic structures.N
represents the number of datasets related to the corresponding trait.

individual SNP show significant variability in different analysis directions, their causal effect estimates on the
outcome variable are consistent from an overall perspective.

Scatter plots (Fig. 3A-D, with Fig. 3A, B for forward analysis and Fig. 3C, D for reverse analysis) displayed
the effect values of SNPs included in the analysis on exposure and outcome variables, fitting potential linear
trends. These plots affirmed the causal relationship between exposure and outcome variables in MR analysis.
Additionally, funnel plots (Fig. 4A-D, with Fig. 4A, B for forward analysis and Fig. 4C, D for reverse analysis)
showed symmetric distributions of SNPs in all analysis directions using the IVW method. This symmetric
distribution further confirmed the robustness of the analysis, indicating no significant bias or invalidity of IVs
in these MR analyses.
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Fig. 2. Forest plots showing the bidirectional Mendelian randomization (MR) analysis results integrated
through meta-analysis. (A-C) Forward analysis examining the causal effect of type 2 diabetes (T2D) on
asthma: (A) MR results using OpenGWAS database, (B) MR results using FinnGen database, and (C) meta-
analysis of A and B. (D-F) Reverse analysis examining the causal effect of asthma on T2D: (D) MR results
using asthma data from OpenGWAS, (E) MR results using asthma data from FinnGen, and (F) meta-analysis
of D and E. Significant meta-analysis results are shown in red, while non-significant results are shown in
orange yellow. Points represent odds ratios (ORs) obtained from inverse-variance weighted (IVW) and meta-
analysis methods. Nsnp: number of single nucleotide polymorphisms; B: causal effect estimate; OR: odds ratio;
CI: confidence interval.

Subgroup levels

Causal relationship between diabetes subtypes and asthma

MR analysis was performed using 99 SNPs associated with five T2D subtypes (F-values > 10, detailed in Table
S6). IVW analysis (Fig. 5) revealed a significant positive causal relationship between SAID and asthma in both

openGWAS and FinnGen databases (OR ,,, > 1, P, < 0.05). No significant causal associations were observed

VW vw
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Pleiotropy Heterogeneity

Exposure Outcome Egger_intercept ‘ SE ‘ P-value | Qtest | Q. df | P,
Forward analysis: T2D (ebi-a-GCST006867) to asthma

Asthma
T2D (ebi-a-GCST90038616) 0.0003 0.0002 | 0.1552 | 87.5376 | 85 0.4037

Asthma
T2D (finn-b-J10_ASTHMA) 0.0021 0.0032 | 0.5182 102.294 | 97 0.3368
Inverse analysis: asthma to T2D (ebi-a-GCST006867)
Asthma (ebi-a-GCST90038616) | T2D 0.0057 0.0032 | 0.0841 | 44.2662 | 46 0.5451
Asthma (finn-b-J10_ASTHMA) | T2D -0.0269 0.0194 | 0.2239 |9.0534 |6 0.1706

Table 1. The results of Pleiotropy and heterogeneity test in the bidirectional Mendelian randomization (MR)
analysis between type 2 diabetes (T2D) and asthma. T2D, type 2 diabetes; SE, standard error; Q test, Cochran’s
Q test.

between other T2D subtypes (SIDD, SIRD, MORD, and MARD) and asthma (P, > 0.05, Table S7). The
distinct causal relationship of SAID with asthma, contrasting with other T2D subtypes, suggests subtype-specific
pathogenic mechanisms. This heterogeneity likely reflects the different metabolic and immune characteristics
of T2D subtypes, particularly the autoimmune features of SAID. The absence of causal associations for other
subtypes may indicate either truly independent pathways or more complex interactions requiring further
investigation. These findings highlight the importance of considering T2D heterogeneity in understanding

diabetes-asthma relationships and developing subtype-specific treatment strategies.

Sensitivity analysis between diabetes subtypes and asthma

In the sensitivity analysis between diabetes subtypes and asthma, no significant pleiotropy or heterogeneity was
observed, as shown in Table S8. Additionally, individual SNPs related to exposure showed some variability in
causal effect estimates on asthma, as depicted in Fig. S3. In the leave-one-out analysis (Fig. S4), removing each
SNP one by one resulted in only minor changes to the range of maximum and minimum causal effect estimates
but had little impact on the overall causal effect estimate direction. This indicates that although individual SNPs
show significant variability in different analysis directions, their causal effect estimates on the outcome variable
are consistent from an overall perspective. For analysis directions showing significant results, scatter plots
(Fig. 6A-]) illustrated the effect values of SNPs included in the analysis on exposure and outcome variables,
successfully fitting potential linear trends, further affirming the causal relationship between exposure and
outcome variables in MR analysis. Corresponding funnel plots (Fig. S5) also showed symmetric distributions of
SNPs in each analysis direction using the IVW method as the main tool, enhancing the robustness and reliability
of the analysis results.

Causal relationship between T2D subtypes and asthma subtypes

Using the IVW method, MR analysis of T2D as the exposure and 6 different asthma subtypes (allergic asthma,
non-allergic asthma, mixed asthma, undefined asthma, eosinophilic asthma, and obesity-related asthma) as
outcomes showed no significant results (Table S9, Py,,,,>0.05). Detailed MR analysis results for each direction
are provided in Table S9. MR analysis using the IVW method examined the causal relationship between 5
novel T2D subtypes as exposure and 6 different asthma subtypes as outcomes. The results indicated a positive
causal effect between SAID and mixed asthma, and between SAID and eosinophilic asthma (Fig. 7, ORyw> 1L
Py < 0.05). Conversely, a negative causal relationship was observed between Mild Age-Related Diabetes and
undefined asthma (Fig. 7, ORy < 1, Pjy1y<0.05). Detailed information on these MR analysis results is provided
in Table S10. The specific association between SAID and eosinophilic asthma is particularly noteworthy, as
both conditions share similar inflammatory characteristics including elevated eosinophil counts. These subtype-
specific associations suggest that the relationship between T2D and asthma may be mediated through distinct
immunological pathways, particularly in autoimmune diabetes where dysregulated immune responses might

promote asthma development through enhanced inflammatory mediator production.

Causal relationship between T2D subtypes and asthma-related complications

MR analysis examining T2D effects on four asthma-related complications (acute respiratory infection, infection,
pneumonia, and respiratory infection) showed no significant associations at the overall disease level (Table S9,
Py > 0.05). However, subtype-specific analysis revealed significant associations: SATD demonstrated positive
causal relationships with all asthma-related complications (Fig. 8, ORyyy > 1, Py < 0.05), while MARD showed
negative associations with acute respiratory infection and infection (OR [y, < 1, Py < 0.05). The association
between MARD and asthma-related pneumonia, although significant in IVW analysis, was not supported
by other MR methods and thus considered non-significant. Detailed results are provided in Table S10. The
consistent associations between SAID and respiratory complications suggest shared pathogenic mechanisms,
likely involving dysregulated immune responses. The positive associations with all respiratory complications
highlight how autoimmune features of SAID might predispose patients to broader respiratory susceptibility,

possibly through chronic immune system activation and enhanced inflammatory responses.
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Fig. 3. Scatter plots depicting causal relationships between exposures and outcomes in bidirectional
Mendelian randomization (MR) analyses. (A, B) Forward analysis examining T2D effects on asthma and

(C, D) reverse analysis examining asthma effects on T2D. Lines represent fitted trends estimated by different
MR methods (see legend). Each point represents a single nucleotide polymorphism (SNP), with outlier SNPs
showing stronger effect estimates labeled by name. Different MR methods are indicated by distinct line types in
the legend.

Sensitivity analysis in subgroup analyses

In the sensitivity analysis for diabetes (including subtypes) and asthma (including subtypes), no significant
pleiotropy or heterogeneity was observed in each analysis direction, as shown in Table S11. Additionally,
individual SNPs showed some variability in causal effect estimates on asthma, as depicted in Figure S6. In the
leave-one-out analysis (Fig. 9), removing each SNP one by one resulted in only minor changes to the range
of maximum and minimum causal effect estimates but had little impact on the overall causal effect estimate
direction. This indicates that although individual SNPs show significant variability in different analysis
directions, their causal effect estimates on the outcome variable are consistent from an overall perspective. For
analysis directions with significant results, scatter plots (Fig. 10) illustrated the effect values of SNPs included in
the analysis on exposure and outcome factors, successfully fitting potential linear trends, further affirming the
causal relationship between exposure and outcome variables in MR analysis. Corresponding funnel plots (Figure
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Fig. 4. Funnel plots demonstrating the distribution of instrumental variables in bidirectional Mendelian
randomization (MR) analyses. (A, B) Forward analysis examining T2D effects on asthma and (C, D) reverse
analysis examining asthma effects on T2D. Lines represent different MR methods (see legend). Each point
represents a single nucleotide polymorphism (SNP) used as an instrumental variable (IV). : causal effect
estimate from inverse-variance weighted method; SE: standard error.

S7) also showed symmetric distributions of SNPs in each analysis direction using the IVW method as the main
tool, enhancing the robustness and reliability of the analysis results.

MVMR analysis

At the overall level, after adjusting for smoking status, anxiety or panic attacks, body mass index, PM2.5 air
pollution, and whole-body fat-free mass, MVMR analyses based on the OpenGWAS and FinnGen databases did
not reveal any significant causal effect of diabetes on asthma (Table S12, P> 0.05). However, in the analysis using
asthma as the outcome from the FinnGen database, we observed independent positive causal effects of smoking
status (B=0.65, P=0.008), hypertension (Table S12, B=0.56, P=0.02), body mass index (Table S12, B=0.26,
P<0.001), and PM2.5 air pollution (Table S12, B=0.59, P=0.036) on asthma. In the reverse MVMR analysis,
we identified independent causal effects of hypertension (Table S12, to OpenGWAS data: B=1.84, P<0.001;
to FinnGen data: B=1.84, P<0.001) and body mass index (Table S12, to OpenGWAS data: B=0.93, P<0.001;
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Fig. 5. Forest plots showing Mendelian randomization (MR) analysis results of T2D subtypes on asthma using
different databases. Significant results are shown in red, while non-significant results are shown in orange
yellow. Points represent odds ratios (ORs) obtained from inverse-variance weighted (IVW) and other MR
methods. Nsnp: number of single nucleotide polymorphisms; SAID: severe autoimmune T2D; SIDD: severe
insulin-deficient T2D; SIRD: severe insulin-resistant T2D; MORD: mild obesity-related T2D; MARD: mild
age-related T2D.

to FinnGen data: B=0.93, P<0.001) on T2D. However, no significant causal effect of asthma on the risk of
developing T2D was observed.

In the subgroup MVMR analyses, we confirmed an independent positive causal effect of severe autoimmune
diabetes (SAID) on asthma (Table S12, to OpenGWAS data: B=0.005, P<0.001; to FinnGen data: B=0.038,
P<0.001). Additionally, we identified a significant negative causal effect of severe insulin-deficient diabetes
(SIDD) on asthma (Table S12, to OpenGWAS data: B = - 0.006, P=0.002; to FinnGen data: B = - 0.051,
P=0.016). In the MVMR analyses of various diabetes subtypes and their risk factors on asthma, we found that
after adjusting for smoking status, anxiety or panic attacks, body mass index, PM2.5 air pollution, and whole-
body fat-free mass, none of the five diabetes subtypes showed a significant causal effect on asthma (Table S12,
P>0.05). However, within certain subtypes, we confirmed significant independent positive causal effects of
smoking status, body mass index, and PM2.5 air pollution on asthma (Table S12, B> 0, P<0.05). Detailed results
are presented in Table S12.

Bioinformatics analysis

Analysis of immune cell composition across asthma progression stages revealed significantly elevated monocyte
proportions within the peripheral blood lymphocyte population during exacerbation compared to follow-up
and quiet phases (P <0.05, Fig. 11A). Transcriptomic analysis was performed to explore the mechanistic role of
monocytes in asthma exacerbation. Differential gene expression analysis comparing exacerbation versus follow-
up phase (Fig. 11B) and exacerbation versus quiet phase (Fig. 11C) identified significant upregulation of CCL2
and multiple interferon-responsive genes (IFI44L and IFIT1) during exacerbation. The concurrent elevation
of these inflammatory mediators suggests synergistic activation of chemokine and type I interferon pathways
during acute asthma exacerbation. Notably, the upregulation of CCL2, a major monocyte-derived chemokine,
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Fig. 6. Scatter plots show the causal effect between different type 2 diabetes subgroups and asthma in the
different analysis directions. (A, B), the direction between severe autoimmune type 2 diabetes and asthma
from OpenGWAS (A) and FinnGen (B) databases; (C, D), the direction between severe insulin-deficient type
2 diabetes and asthma from OpenGWAS (C) and FinnGen (D) databases; (E, F), the direction between severe
insulin-resistant type 2 diabetes and asthma from OpenGWAS (E) and FinnGen (F) databases; (G, H), the
direction between mild obesity-related type 2 diabetes and asthma from OpenGWAS (G) and FinnGen (H)
databases; (I, J), the direction between mild age-related type 2 diabetes and asthma from OpenGWAS (I) and
FinnGen (J) databases. Lines represent fitted trends estimated by different MR methods (see legend). Each
point represents a single nucleotide polymorphism (SNP), with outlier SNPs showing stronger effect estimates

labeled by name.
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together with increased monocyte proportions in clinical samples, establishes the monocyte-CCL2 axis as a
central component in asthma exacerbation.

Comparison of gene expression profiles between glucose- and PBS-treated monocytes (Fig. 11D) revealed
significant upregulation of CCL2, CXCL9, CXCL10, and antigen presentation-related genes (including
HLA-DMB) under hyperglycemic conditions, indicating enhanced monocyte immune activity and antigen
presentation capabilities. Parallel analysis of peripheral blood monocytes from T2D patients versus PBS-treated
control monocytes (Fig. 11E) demonstrated significant upregulation of multiple immune regulatory genes
(CCR7,CXCL5, and CCL2), mirroring the expression patterns observed in glucose-stimulated monocytes. These
parallel findings establish glucose metabolic dysregulation as a potential mechanistic link between diabetes and
asthma pathogenesis, particularly through enhanced monocyte activation and CCL2 secretion. KEGG pathway
enrichment analysis of differentially expressed genes in glucose-stimulated monocytes (Fig. 11F) identified
significant enrichment in multiple functional pathways. These included immune-related disease pathways

(type 1 diabetes and asthma), antigen processing and presentation, cell adhesion, inflammatory cell activation
and differentiation, lipid metabolism, and cytokine signal transduction. This comprehensive pathway analysis
suggests that hyperglycemia may promote asthma development through three primary mechanisms: enhanced
monocyte immune activation, metabolic dysfunction-induced immune cell perturbation, and increased pro-
inflammatory cytokine production, collectively creating an immunological environment favorable for asthma

pathogenesis.

Discussion
Our study revealed complex causal relationship between T2D and asthma through multi-level analyses. At
the overall disease level, meta-analysis of MR results from two independent databases established a positive
causal effect of T2D on asthma development. However, this association was attenuated after adjusting for
multiple risk factors in MVMR analysis, including smoking status, hypertension, body mass index, and PM2.5
air pollution, suggesting the importance of environmental and metabolic factors in this relationship. Further
subtype-specific analysis demonstrated that only SAID maintained a significant positive causal association
with asthma after controlling for these confounders. Notably, SAID also exhibited consistent positive causal
associations with specific asthma phenotypes, particularly mixed and eosinophilic types, as well as various
asthma-related complications including respiratory infections. In contrast, MARD showed negative associations
with undefined asthma and asthma-related infections. To elucidate potential biological mechanisms underlying
these genetic associations, we performed transcriptomic analysis which revealed elevated monocyte proportions
in peripheral blood during asthma exacerbation and identified CCL2 as a key molecular mediator in glucose-
stimulated monocytes. These findings suggest that T2D, particularly its autoimmune subtype, may influence
asthma susceptibility through immune cell modulation, notably via the monocyte-CCL2 axis.
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Fig. 10. Scatter plots depicting causal relationships between type 2 diabetes (T2D) subtypes and asthma
phenotypes/complications using FinnGen database. (A) SAID and mixed asthma; (B) MARD and unspecified
asthma; (C) SAID and eosinophilic asthma; (D) SAID and asthma-related acute respiratory infections; (E)
MARD and asthma-related acute respiratory infections; (F) SAID and asthma-related infections; (G) MARD
and asthma-related infections; (H) SAID and asthma-related pneumonia; (I) MARD and asthma-related
pneumonia; (J) SAID and COPD/asthma/ILD related infections. Lines represent fitted trends estimated by
different MR methods (see legend). Each point represents a single nucleotide polymorphism (SNP). SAID,
severe autoimmune T2D; MARD, mild age-related T2D; COPD, chronic obstructive pulmonary disease; ILD.
interstitial lung disease.
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Fig. 11. Transcriptomic and pathway analysis reveals hyperglycemia-induced monocyte activation and

CCL2 signaling as a key mechanism linking diabetes to asthma pathogenesis. (A) Comparison of monocyte
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between asthma exacerbation versus follow-up (B) and quiet phases (C). (D) Gene expression changes in
glucose-stimulated versus PBS-treated monocytes. (E) Transcriptomic comparison between T2D patient
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These genetic findings both complement and extend previous epidemiological evidence. Earlier studies
have consistently reported associations between T2D and increased asthma risk'?, with several cohort studies
documenting elevated asthma incidence among diabetic patients compared to the general population®®-22.
While these observational findings suggested potential links through shared inflammatory pathways, they
were unable to establish causality or distinguish between different disease subtypes. Our MR analyses extend
these observations by providing genetic evidence for a causal relationship, particularly identifying SAID as the
primary driver of asthma risk among T2D subtypes. Additionally, our findings help clarify the role of common
risk factors. Previous studies have identified obesity as a shared risk factor for both conditions??, but could not
determine whether it acts as a mediator between T2D and asthma. Our MVMR analyses clarify this relationship
by demonstrating that BMI independently influences both diseases rather than serving as a mediator of the
T2D-asthma association. This is further supported by our finding that obesity-related diabetes subtypes show
no significant causal relationship with obesity-related asthma. These results suggest that metabolic and immune
pathways may contribute to disease development in parallel rather than sequential fashion, laying the foundation
for exploring specific molecular mechanisms.

Our findings have several potential clinical implications. First, by identifying SAID as the primary driver of
asthma risk among T2D subtypes, we highlight the importance of distinguishing diabetes subtypes in clinical
practice. The strong association between SAID and specific asthma phenotypes (particularly eosinophilic and
mixed asthma) as well as respiratory complications suggests that these patients may require more targeted
monitoring of respiratory health. Second, our molecular findings, particularly the identification of the monocyte-
CCL2 axis, point to potential biomarkers for risk stratification. While traditional risk factors such as smoking,
BMI, and air pollution remain important as demonstrated by our MVMR analyses, the role of inflammatory
markers may provide additional prognostic value. Third, the observed negative association between MARD
and asthma-related infections represents an intriguing finding. This protective effect might be attributed to
the distinct pathophysiological characteristics of MARD, which typically presents with milder metabolic
perturbations and better preserved beta-cell function compared to other T2D subtypes??°. The relatively stable
glucose homeostasis in MARD patients may result in less immune system dysfunction, potentially explaining
the lower susceptibility to asthma-related infections. However, it is important to note that the clinical utility of
these findings, particularly the use of specific biomarkers such as monocyte ratios and CCL2 levels, requires
validation through prospective clinical studies before implementation in routine practice.

To understand the molecular mechanism underlying the genetic associations, we focused on inflammatory
pathways linking T2D and asthma. Our findings revealed a complex immune-inflammatory network, with the
monocyte-CCL2 axis emerging as a central mechanistic link. In T2D patients, chronic low-grade inflammation,
particularly in visceral adipose tissue?®?’, creates a systemic inflammatory environment that may predispose
to asthma development?®. This systemic inflammation is characterized by significant immune cell dysfunction,
including altered monocyte/macrophage activity and impaired regulatory T cell function?*3. Specifically,
diabetic patients exhibit macrophage overactivation and regulatory T cell (Treg) dysfunction, leading to persistent
and nonspecific immune responses®"*2. In asthma, this dysregulation manifests as airway hyperresponsiveness
and sustained inflammatory activation®®, creating a mutually reinforcing immune environment that extends
beyond local airways. Our transcriptomic analyses provided direct evidence for this immune dysregulation. We
observed significantly elevated monocyte proportions in peripheral blood during asthma exacerbation, consistent
with previous studies®*>. As monocytes are precursors to macrophages, which play crucial roles in asthma
progression®>?’, these findings suggest that diabetes-induced abnormalities in monocyte lineage may contribute
to asthma pathogenesis. More importantly, we identified a specific molecular signature: hyperglycemia-induced
monocyte activation led to increased CCL2 secretion, potentially serving as a key inflammatory bridge between
these conditions. This finding was further supported by the parallel upregulation of CCL2 in both asthma
patients’ peripheral blood monocytes and glucose-stimulated monocytes.

Additionally, we identified a broader inflammatory network involving multiple chemokines and cytokines.
The concurrent upregulation of interferon-response genes (IFI44L and IFIT1) and chemokines (CXCL5, CXCL9,
CXCL10) suggests a coordinated immune response. This network regulates the recruitment and activation of
various inflammatory cells: CCL2 primarily recruits monocytes and macrophages, CXCL5 attracts neutrophils,
and CXCL9/CXCL10 target T lymphocytes, particularly Th1 cells?®-#°. The synergistic effects of these molecules
create a positive feedback loop that continuously amplifies the inflammatory response. Specifically, CCL2-
mediated monocyte recruitment leads to increased local inflammation, while interferon-induced genes enhance
both antiviral responses and inflammatory amplification. The elevated expression of CXCL5, CXCL9, and
CXCL10 further expands this inflammatory cascade by recruiting additional immune cell populations. These
molecular findings both align with and extend our genetic evidence. The strong causal association between SAID
and asthma could be explained by enhanced immune system activation, with the monocyte-CCL2 axis serving
as a key mediator. The importance of this axis is underscored by our observation that CCL2 is significantly
upregulated in both asthma and diabetes contexts, suggesting its role as a central node in the inflammatory
network linking these conditions. This mechanistic insight not only helps explain the epidemiological association
between T2D and asthma but also identifies potential therapeutic targets. Conversely, the negative association
between MARD and asthma-related infections might reflect better preserved immune homeostasis in this T2D
subtype, highlighting how different diabetes subtypes may interact distinctly with immune pathways.

Recent experimental studies provide additional support for the role of hyperglycemia-induced monocyte
activation in asthma pathogenesis. High glucose conditions can directly activate monocytes through enhanced
glucose metabolism and oxidative stress, leading to epigenetic modifications that promote a pro-inflammatory
phenotypet!~*3. These glucose-mediated changes result in increased production of inflammatory mediators,
particularly CCL2 **%>. Animal models have demonstrated that CCL2-mediated monocyte recruitment
significantly contributes to airway inflammation and hyperresponsiveness*®*’, while diabetic mouse models
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show enhanced inflammatory responses through similar pathways*®~>°. The consistency between previous
experimental findings and our transcriptomic analysis provides strong support for the mechanistic link between
hyperglycemia, monocyte activation, and asthma development. Future studies utilizing combined diabetes-
asthma models could further elucidate the detailed molecular interactions in this pathway.

Our study has several methodological strengths and limitations. Unlike traditional observational studies,
MR analysis uses genetic variables as IVs to assess causal relationships, reducing the impact of confounding
factors and reverse causalitySI. However, several limitations should be noted. First, our genetic instruments
were primarily derived from European populations, potentially limiting the generalizability of our findings
across different ethnic groups. Second, variations in disease classification criteria across databases might affect
result interpretation. More importantly, while our bioinformatic analyses identified CCL2 as a key mediator
in the T2D-asthma relationship, experimental validation is needed. CCL2 inhibitors have shown therapeutic
potential in various inflammatory conditions, including asthma and diabetic complications®*>?, through
mechanisms involving inflammatory cell recruitment inhibition and tissue damage reduction®. Building on this
evidence, future studies should focus on several critical experimental validations. Animal studies comparing
CCL2 expression and inflammatory responses in diabetic mice with and without asthma would help validate the
proposed mechanism. Additionally, in vitro studies examining glucose-induced responses in primary monocytes
from diabetic patients would provide direct mechanistic evidence. Furthermore, clinical validation studies
measuring CCL2 levels and monocyte function in patients with both conditions would establish the clinical
relevance of our findings. Intervention studies using CCL2 inhibitors could also assess the therapeutic potential
of targeting this pathway, particularly given their demonstrated efficacy in managing chronic inflammation
in metabolic disorders. These experimental validations would provide more concrete evidence for developing
targeted therapeutic strategies, potentially leading to more effective treatments for patients with concurrent T2D
and asthma.

Conclusion

Evidence from MR analysis confirms the positive causal relationship between T2D and asthma, with notably
stronger associations observed between SAID and specific asthma subtypes. Through integrated bioinformatics
analysis and transcriptomic profiling, we identified the monocyte-CCL2 axis as a crucial molecular mechanism
underlying this relationship, where hyperglycemia-induced monocyte activation and subsequent CCL2 secretion
may represent a central pathogenic link between these conditions. Furthermore, our analysis revealed a complex
inflammatory network involving interferon-response genes (IFI44L and IFIT1) and chemokines (CXCLS5,
CXCL9, CXCL10), suggesting a broader immune dysregulation beyond monocyte activation. These findings not
only elucidate the shared inflammatory and immune pathways between diabetes and asthma but also provide
potential therapeutic targets, particularly highlighting CCL2 inhibition as a promising intervention strategy.

Materials and methods

Study design and data sources

This study employs an integrated analytical framework combining bidirectional two-sample MR analysis
with bioinformatics analysis to explore the causal relationship between diabetes and asthma. The MR section,
conforming to STROBE-MR (Strengthening the Reporting of MR Studies) guidelines®, includes forward
analysis—diabetes mellitus and its subtypes as exposures and asthma, its subtypes, and related complications
as outcomes—and reverse analysis, evaluating causal influence of asthma on diabetes incidence, with detailed
assessments at both disease-wide and subtype-specific levels (Fig. 1). Besides, bioinformatics analysis integrates
peripheral blood mononuclear cell (PBMC) microarray sequencing data to identify shared immunological
signatures, particularly monocyte-driven immune responses, between these conditions. This dual approach
yields genetic and molecular insights into their potential causal relationships.

For the forward analysis, T2D exposure data were obtained from the largest dataset in the OpenGWAS
database (GWAS ID: ebi-a-GCST006867), comprising 655,666 samples, including 61,714 cases (Table S1).
Outcome data were downloaded from two sources: the OpenGWAS database (GWAS ID: ebi-a-GCST90038616,
Table S1) with 484,598 samples, including 56,087 cases’’, and the FinnGen database (https://r5.risteys.finngen
fi/phenocode/J10_ASTHMA, GWAS ID: finn-b-J10_ASTHMA) with 156,078 samples, including 20,629 cases
(Table S1). For subtype-specific forward analysis, diabetes subtype data from a Swedish cohort (5 subtypes, Table
S1) served as exposure variables®. To avoid potential influence from sample overlap, outcome variables were
selected from asthma subtypes (6 diseases subtypes, Table S1) and asthma-related complications (4 different
disease subtypes, Table S1) within the FinnGen database. In both forward and reverse analyses, independent
two-sample MR analyses were conducted for each direction. The overall design and framework of the study are
illustrated in Fig. 1.

For the bioinformatics analysis, we focused on microarray data from PBMCs of asthma patients (GSE19301,
samples=685)> and monocyte transcriptome data (GSE105167) that included three experimental conditions:
classical monocytes from PBMCs of T2D patients, and classical monocytes under phosphate buffered saline
(PBS) or glucose stimulation, with a total of 11 samples across these three conditions®. All expression matrices
and corresponding clinical information were obtained from the Gene Expression Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/gds)®. Since this study utilized publicly available data from the GEO repository,
institutional ethics review was not required.
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Instrumental variables (IVs) selection

Exposure-related IVs

In this study, the R package “TwoSampleMR,” specifically designed for two-sample MR analysis, was used
to accurately identify single nucleotide polymorphisms (SNPs) closely related to exposure variables and use
them as IVs®2. Strict parameter standards were set for IV selection, including an overall P-value threshold of
5.0% 1078 and a subgroup P-value threshold of 5.0 x 107, a linkage disequilibrium (LD) threshold of 0.001, and
a window size of 10,000 base pairs®’. The selected IVs had to meet the three core assumptions of MR analysis
to ensure their validity®*: the relevant assumption (strong genetic association between SNP and exposure), the
independent assumption (SNP unrelated to any potential confounders), and the exclusive assumption (SNP
affects the outcome only through the exposure). Comprehensive quality control was performed to ensure the
validity of the IVs, ensuring complete data on sample size and effect allele frequency (EAF). Missing sample
size data were supplemented from databases and missing EAF data were referenced from the “1000 Genomes
Project”®.

Exclusion of confounders

To effectively exclude potential confounding IVs, the LDtrait tool in the “LDlink” database (https://ldlink.nih
.gov/?tab=ldtrait, accessed on June 20th, 2024) was utilized®. In the forward analysis, IVs associated with any
type of asthma, asthma-related diseases, or allergic disease phenotypes were excluded. Similarly, in the reverse
analysis, IVs related to diabetes, diabetes complications, or blood glucose level phenotypes were identified
as confounding variables and excluded. After the screening process, the F-values for the remaining IVs were
calculated (F=beta?/se?) to ensure that each IVs had an F-value greater than 10¢”. This threshold enhances the
statistical power of the MR analysis and the robustness of the IVs. Additionally, IVs related to exposure and
outcome were merged, with consistent effect and reference alleles. Two R packages, “RadialMR**® and “MR-
PRESSO”®, were used to identify and exclude outliers’’. After these data cleaning procedures, a list of IV for
the final MR analysis was acquired.

MR analysis

MR analysis was primarily conducted with the “TwoSampleMR” R package”!. The inverse-variance weighted
(IVW) method’? served as the primary analytical approach, complemented by MR Egger”?, weighted median®,
simple mode”®, and weighted mode’® methods. Results were considered significant when meeting both criteria:
for individual comparisons, results were considered significant at P<0.05 from the IVW method; for multiple
comparisons, Bonferroni-corrected thresholds were applied (P <0.025 for overall analysis with 2 comparisons,
and P<0.01 for subgroup analysis with 5 comparisons); the effect estimates (B values) from all five methods
were required to be directionally consistent (i.e., all positive or all negative)””. The “TwoSampleMR” R package
was used to calculate the odds ratios (OR) and their 95% confidence intervals (CI) for each direction of analysis,
assessing the magnitude and direction of causal effects. Additionally, via “metafor” R package’®, a meta-analysis
was conducted to integrated causal effects from different data sources, providing combined effect estimates.

Sensitivity analysis

Sensitivity analysis was used to assess the horizontal pleiotropy and heterogeneity of IVs, ensuring the MR
analysis’s reliability’®. In analyses involving more than two SNPs, the Cochran’s Q test was used to assess the
heterogeneity among IVs®. When the P-value of the Q test (marked as “P,, , ") was less than 0.05, it pointed to
significant heterogeneity among the IVs, prompting a re-assessment of 1\9[R analysis results using the random-
effects-model IVW method to accommodate this heterogeneity. To evaluate horizontal pleiotropy, the MR Egger
intercept method was employed®, indicating whether IVs had effects beyond their influence on the outcome.
Scatter and funnel plots were employed to visually depict the sensitivity analysis results, helping to illustrate
data distribution and any potential biases. Furthermore, a leave-one-out analysis was executed, recalculating
MR results by removing each IV one by one to determine the role and impact of each IV on the overall analysis
findings.

Multivariable MR analysis

Multivariable Mendelian randomization (MVMR) analyses were performed to further explain the causal
relationship between diabetes and asthma. First, we investigated the effect of diabetes on asthma at a general
level using summary statistics from various databases, while controlling for five potential confounding variables:
smoking status, anxiety or panic attacks, body mass index, PM2.5 air pollution, and whole-body fat-free mass.
For the reverse MR analysis, with asthma as the exposure, adjustments included smoking status, hypertension,
high cholesterol, body mass index, and PM2.5 air pollution. Furthermore, we conducted MVMR analyses to
assess the causal relationship between five subtypes of type 2 diabetes (T2D) and asthma, as well as the causal
risk of asthma associated with T2D subtypes and their respective risk factors. Given the stringent SNP selection
criteria and reduced number of valid instrumental variables in the MVMR approach, which inherently provides
a more conservative framework, a P-value threshold of <0.05 was used to determine the significance of the
results.

Bioinformatics analysis

Initially, we obtained gene expression matrices and clinical data from the GEO database®!, then performed
data normalization and log2 transformation. In the GSE19301 dataset®, there were 685 samples, all from
asthma patients, including 166 with asthma exacerbation, 125 in the recovery phase (labeled as ‘follow’), and
394 in the stable phase (labeled as ‘quiet’). " We first analyzed the proportion of peripheral blood monocytes
within the lymphocyte population across three asthma phases. Using the “limma” R package®#2, we then

Scientific Reports |

(2025) 15:10768 | https://doi.org/10.1038/s41598-025-95039-1 nature portfolio


https://ldlink.nih.gov/?tab=ldtrait
https://ldlink.nih.gov/?tab=ldtrait
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

performed differential gene expression analysis to identify shared differentially expressed genes (DEGs) between
exacerbation versus stable phase, and exacerbation versus recovery phase. DEGs were defined by |logFold
Change (FC)| > 1 and P<0.05 2,

Using the GSE105167 dataset®®, we compared gene expression profiles between glucose- and phosphate
buffered saline (PBS)-stimulated monocytes, as well as between PBS-stimulated classical monocytes and
peripheral blood classical monocytes from T2D patients, to identify shared DEGs. Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathway enrichment analysis was performed on glucose- virus PBS-stimulated
monocytes DEGs using the “clusterProfiler” R package®’, revealing molecular pathway potentially involved in
hyperglycemia-induced monocyte dysfunction.

Data availability

The datasets generated and/or analysed during the current study are available in the ieu OpenGWAS (https://g
was.mrcieu.ac.uk/), FinnGen databases (https://www.finngen.fi/en), and GEO database (https://www.ncbi.nlm
.nih.gov/gds).

Received: 28 November 2024; Accepted: 18 March 2025
Published online: 28 March 2025

References

1. Li, K. Y. et al. DNA methylation markers for kidney function and progression of diabetic kidney disease. Nat. Commun. 14, 2543.
https://doi.org/10.1038/s41467-023-37837-7 (2023).

2. Melén, E. et al. Asthma inception: epidemiologic risk factors and natural history across the life course. Am. J. Respir. Crit. Care
Med. 210, 737-754. https://doi.org/10.1164/rccm.202312-2249S0 (2024).

3. Yan, Y. et al. Hepatic thyroid hormone signalling modulates glucose homeostasis through the regulation of GLP-1 production via
bile acid-mediated FXR antagonism. Nat. Commun. 13, 6408. https://doi.org/10.1038/s41467-022-34258-w (2022).

4. Zhong, Y. et al. The HDACIO instructs macrophage M2 program via deacetylation of STAT3 and promotes allergic airway
inflammation. Theranostics 13, 3568-3581. https://doi.org/10.7150/thno.82535 (2023).

5. Duan, X. P. et al. New clinical trial design in precision medicine: discovery, development and direction. Signal. Transduct. Target.
Therapy 9, 57. https://doi.org/10.1038/541392-024-01760-0 (2024).

6. Mansour Aly, D. et al. Genome-wide association analyses highlight etiological differences underlying newly defined subtypes of
diabetes. Nat. Genet. 53, 1534-1542. https://doi.org/10.1038/s41588-021-00948-2 (2021).

7. Jin, X. et al. Pathophysiology of obesity and its associated diseases. Acta Pharm. Sin. B 13, 2403-2424. https://doi.org/10.1016/j.ap
$b.2023.01.012 (2023).

8. Valenzuela, P. L. et al. Obesity and the risk of cardiometabolic diseases. Nat. Rev. Cardiol. 20, 475-494. https://doi.org/10.1038/s4
1569-023-00847-5 (2023).

9. Bartziokas, K. et al. Unraveling the link between Insulin resistance and bronchial asthma. Biomedicines 12, 236. https://doi.org/10
.3390/biomedicines12020437 (2024).

10. Pham, A., Corcoran, R. & Foer, D. The role of type 2 diabetes in the severity of adult asthma. Curr. Opin. Allergy Clin. Immunol. 25,
34-40. https://doi.org/10.1097/aci.0000000000001045 (2025).

11. Shailesh, H., Bhat, A. A. & Janahi, I. A. Obesity-associated Non-T2 mechanisms in obese asthmatic individuals. Biomedicines 2023,
11 (2023). https://doi.org/10.3390/biomedicines11102797

12. Gutiérrez-Salmerdn, M. et al. Remodelling of colorectal cancer cell signalling by microbiota and immunity in diabetes. Endocr.
Relat. Cancer. 28, R173-r190. https://doi.org/10.1530/erc-20-0315 (2021).

13. Zhu, Y. et al. Anti-Inflammatory effects of Helminth-Derived products: potential applications and challenges in diabetes mellitus
management. J. Inflamm. Res. 17, 11789-11812. https://doi.org/10.2147/jir.5493374 (2024).

14. Das, A., Pathak, M. P, Pathak, K., Saikia, R. & Gogoi, U. Herbal medicine for the treatment of obesity-associated asthma: a
comprehensive review. Front. Pharmacol. 14, 1186060. https://doi.org/10.3389/fphar.2023.1186060 (2023).

15. Lommatzsch, M. et al. A(2)BCD: a concise guide for asthma management. Lancet Respir. Med. 11, 573-576. https://doi.org/10.10
16/52213-2600(22)00490-8 (2023).

16. Yamasaki, A., Okazaki, R. & Harada, T. Neutrophils and asthma. Diagn. (Basel Switzerl.). 12, 859. https://doi.org/10.3390/diagno
stics12051175 (2022).

17. Davey Smith, G. & Hemani, G. Mendelian randomization: genetic anchors for causal inference in epidemiological studies. Hum.
Mol. Genet. 23, R89-98. https://doi.org/10.1093/hmg/ddu328 (2014).

18. Lawlor, D. A., Harbord, R. M., Sterne, J. A., Timpson, N. & Davey Smith, G. Mendelian randomization: using genes as instruments
for making causal inferences in epidemiology. Stat. Med. 27, 1133-1163. https://doi.org/10.1002/sim.3034 (2008).

19. Raguraman, R,, Srivastava, A., Munshi, A. & Ramesh, R. Therapeutic approaches targeting molecular signaling pathways common
to diabetes, lung diseases and cancer. Adv. Drug Deliv. Rev. 178, 113918. https://doi.org/10.1016/j.addr.2021.113918 (2021).

20. Li, P. E et al. Association of dipeptidyl peptidase-4 inhibitor use and the risk of asthma development among type 2 diabetes
patients. Ther. Adv. Respir. Dis. 16, 17534666221135320. https://doi.org/10.1177/17534666221135320 (2022).

21. Chen, E et al. The association between type 2 diabetes and asthma incidence: a longitudinal analysis considering genetic
susceptibility. BMC Public. Health 25, 166. https://doi.org/10.1186/s12889-024-21266-2 (2025).

22. Claessens, D. et al. Validity and reliability of the assessment of burden of chronic conditions scale in the Netherlands. Ann. Fam
Med. 21, 103-111. https://doi.org/10.1370/afm.2954 (2023).

23. Alqahtani, S. A. et al. Obesity burden and impact of weight loss in Saudi Arabia: a modelling study. Adv. Therapy. 40, 1114-1128.
https://doi.org/10.1007/s12325-022-02415-8 (2023).

24. Fang, P. et al. Adipose-Muscle crosstalk in age-related metabolic disorders: the emerging roles of adipo-myokines. Ageing Res. Rev.
84, 101829. https://doi.org/10.1016/j.arr.2022.101829 (2023).

25. Mizrak, H. I et al. Declining incidence rates of distal symmetric polyneuropathy in people with type 1 and type 2 diabetes in
Denmark, with indications of distinct patterns in type 1 diabetes. Diabetes Care 46, 1997-2003. https://doi.org/10.2337/dc23-0312
(2023).

26. Wen, L. et al. Causal association of rheumatoid arthritis with frailty and the mediation role of inflammatory cytokines: A Mendelian
randomization study. Arch. Gerontol. Geriatr. 122, 105348. https://doi.org/10.1016/j.archger.2024.105348 (2024).

27. Kowalczuk, A., Bourebaba, N., Panchuk, J., Marycz, K. & Bourebaba, L. Calystegines improve the metabolic activity of human
adipose derived stromal stem cells (ASCs) under hyperglycaemic condition through the reduction of oxidative/er stress,
inflammation, and the promotion of the AKT/PI3K/mTOR pathway. Biomolecules 12, 56. https://doi.org/10.3390/biom 12030460
(2022).

28. Lin, Y. et al. Role of histone Post-Translational modifications in inflammatory diseases. Front. Immunol. 13, 852272. https://doi.or
¢/10.3389/fimmu.2022.852272 (2022).

Scientific Reports |

(2025) 15:10768 | https://doi.org/10.1038/s41598-025-95039-1 nature portfolio


https://gwas.mrcieu.ac.uk
https://gwas.mrcieu.ac.uk
https://www.finngen.fi/en
https://www.ncbi.nlm.nih.gov/gds
https://www.ncbi.nlm.nih.gov/gds
https://doi.org/10.1038/s41467-023-37837-7
https://doi.org/10.1164/rccm.202312-2249SO
https://doi.org/10.1038/s41467-022-34258-w
https://doi.org/10.7150/thno.82535
https://doi.org/10.1038/s41392-024-01760-0
https://doi.org/10.1038/s41588-021-00948-2
https://doi.org/10.1016/j.apsb.2023.01.012
https://doi.org/10.1016/j.apsb.2023.01.012
https://doi.org/10.1038/s41569-023-00847-5
https://doi.org/10.1038/s41569-023-00847-5
https://doi.org/10.3390/biomedicines12020437
https://doi.org/10.3390/biomedicines12020437
https://doi.org/10.1097/aci.0000000000001045
https://doi.org/10.3390/biomedicines11102797
https://doi.org/10.1530/erc-20-0315
https://doi.org/10.2147/jir.S493374
https://doi.org/10.3389/fphar.2023.1186060
https://doi.org/10.1016/s2213-2600(22)00490-8
https://doi.org/10.1016/s2213-2600(22)00490-8
https://doi.org/10.3390/diagnostics12051175
https://doi.org/10.3390/diagnostics12051175
https://doi.org/10.1093/hmg/ddu328
https://doi.org/10.1002/sim.3034
https://doi.org/10.1016/j.addr.2021.113918
https://doi.org/10.1177/17534666221135320
https://doi.org/10.1186/s12889-024-21266-2
https://doi.org/10.1370/afm.2954
https://doi.org/10.1007/s12325-022-02415-8
https://doi.org/10.1016/j.arr.2022.101829
https://doi.org/10.2337/dc23-0312
https://doi.org/10.1016/j.archger.2024.105348
https://doi.org/10.3390/biom12030460
https://doi.org/10.3389/fimmu.2022.852272
https://doi.org/10.3389/fimmu.2022.852272
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

Bailin, S. S. et al. T lymphocyte subsets associated with prevalent diabetes in veterans with and without human immunodeficiency
virus. J. Infect. Dis. 222, 252-262. https://doi.org/10.1093/infdis/jiaa069 (2020).

Huang, S. et al. Ras guanine nucleotide-releasing protein-4 promotes renal inflammatory injury in type 2 diabetes mellitus. Metab.
Clin. Exp. 131, 155177. https://doi.org/10.1016/j.metabol.2022.155177 (2022).

Alsamahi, S., Milne, T. M., Hussaini, H., Rich, A. M. & Friedlander, L. T. Type 2 diabetes and the clinically normal pulp: an in vitro
study. Int. Endod. J. 55, 660-671. https://doi.org/10.1111/iej.13732 (2022).

Pitmon, E., Meehan, E. V., Ahmadji, E., Adler, A. J. & Wang, K. High glucose promotes regulatory T cell differentiation. PLoS One.
18, €0280916. https://doi.org/10.1371/journal.pone.0280916 (2023).

Brown, M. A. et al. Epithelial immune activation and intracellular invasion by non-typeable haemophilus influenzae. Front. Cell.
Infect. Microbiol. 13, 1141798. https://doi.org/10.3389/fcimb.2023.1141798 (2023).

Lachowicz-Scroggins, M. E. et al. Neutrophil extracellular traps, and inflammasome activation in severe asthma. Am. J. Respir. Crit
Care Med. 199, 1076-1085. https://doi.org/10.1164/rccm.201810-18690C (2019). Extracellular DNA.

Movassagh, H. et al. Proinflammatory polarization of monocytes by particulate air pollutants is mediated by induction of trained
immunity in pediatric asthma. Allergy 78, 1922-1933. https://doi.org/10.1111/all.15692 (2023).

Murphy, R. C., Morrell, E. D. & Hallstrand, T. S. The intersection between autoimmunity, macrophage dysfunction, endotype, and
exacerbations in severe asthma. Am. J. Respir. Crit Care Med. 207, 383-385. https://doi.org/10.1164/rccm.202211-2074ED (2023).
Son, K. et al. Autoantibody-mediated macrophage dysfunction in patients with severe asthma with airway infections. Am. J. Respir.
Crit Care Med. 207, 427-437. https://doi.org/10.1164/rccm.202206-11830C (2023).

Comerford, I. & McColl, S. R. Atypical chemokine receptors in the immune system. Nat. Rev. Immunol. 24, 753-769. https://doi.o
rg/10.1038/s41577-024-01025-5 (2024).

Man, S. M. & Kanneganti, T. D. Innate immune sensing of cell death in disease and therapeutics. Nat. Cell Biol. 26, 1420-1433.
https://doi.org/10.1038/s41556-024-01491-y (2024).

Zhou, C., Gao, Y., Ding, P, Wu, T. & Ji, G. The role of CXCL family members in different diseases. Cell. Death Discovery. 9, 212.
https://doi.org/10.1038/s41420-023-01524-9 (2023).

Chen, P. C, Chang, Y. C,, Tsai, K. L., Shen, C. H. & Lee, S. D. Vitexin suppresses High-Glucose-upregulated adhesion molecule
expression in endothelial cells through inhibiting NF-kB signaling pathway. ACS Omega. 9, 32727-32734. https://doi.org/10.1021
/acsomega.4c02545 (2024).

Rajesh, M. et al. Cannabinoid receptor 2 activation alleviates diabetes-induced cardiac dysfunction, inflammation, oxidative stress,
and fibrosis. GeroScience 44, 1727-1741. https://doi.org/10.1007/s11357-022-00565-9 (2022).

Schenz, J. et al. Extracellular lactate acts as a metabolic checkpoint and shapes monocyte function time dependently. Front.
Immunol. 12, 729209. https://doi.org/10.3389/fimmu.2021.729209 (2021).

Inoue, K. et al. Glucagon-like peptide-1 receptor agonist, Liraglutide, attenuated retinal thickening in spontaneously diabetic Torii
fatty rats. BMC Ophthalmol. 22, 206. https://doi.org/10.1186/s12886-022-02413-y (2022).

Johny, E. et al. Platelet mediated inflammation in coronary artery disease with type 2 diabetes patients. J. Inflamm. Res. 14, 5131~
5147. https://doi.org/10.2147/jir.5326716 (2021).

Islam, R., Dash, D. & Singh, R. An antioxidant ameliorates allergic airway inflammation by inhibiting HDAC 1 via HIF-1a/VEGF
axis suppression in mice. Sci. Rep. 13, 9637. https://doi.org/10.1038/s41598-023-36678-0 (2023).

Schneider, D. et al. Macrophage/epithelial cell CCL2 contributes to rhinovirus-induced hyperresponsiveness and inflammation in
a mouse model of allergic airways disease. Am. J. Physiol. Lung Cell. Mol. Physiol. 304, L162-169. https://doi.org/10.1152/ajplung.
00182.2012 (2013).

Ferreira, S. S. et al. Insulin modulates the immune cell phenotype in pulmonary allergic inflammation and increases pulmonary
resistance in diabetic mice. Front. Immunol. 11, 84. https://doi.org/10.3389/fimmu.2020.00084 (2020).

Murao, N. et al. Increased Glycolysis affects B-cell function and identity in aging and diabetes. Mol. Metabolism. 55, 101414.
https://doi.org/10.1016/j.molmet.2021.101414 (2022).

Vizzardelli, C. et al. Blocking antibodies induced by allergen-specific immunotherapy ameliorate allergic airway disease in a
human/mouse chimeric model. Allergy 73, 851-861. https://doi.org/10.1111/all.13363 (2018).

Burgess, S., Small, D. S. & Thompson, S. G. A review of instrumental variable estimators for Mendelian randomization. Stat.
Methods Med. Res. 26, 2333-2355. https://doi.org/10.1177/0962280215597579 (2017).

Qiu, C. et al. Cortistatin protects against inflammatory airway diseases through curbing CCL2 and antagonizing NF-«B signaling
pathway. Biochem. Biophys. Res. Commun. 531, 595-601. https://doi.org/10.1016/j.bbrc.2020.07.088 (2020).

Perez-Gomez, M. V. et al. Targeting inflammation in diabetic kidney disease: early clinical trials. Expert Opin. Investig. Drugs. 25,
1045-1058. https://doi.org/10.1080/13543784.2016.1196184 (2016).

Masuda, T. et al. Phase I dose-escalation trial to repurpose propagermanium, an oral CCL2 inhibitor, in patients with breast cancer.
Cancer Sci. 111, 924-931. https://doi.org/10.1111/cas.14306 (2020).

Skrivankova, V. W. et al. Strengthening the reporting of observational studies in epidemiology using Mendelian randomization: the
STROBE-MR statement. Jama 326, 1614-1621. https://doi.org/10.1001/jama.2021.18236 (2021).

Xue, A. et al. Genome-wide association analyses identify 143 risk variants and putative regulatory mechanisms for type 2 diabetes.
Nat. Commun. 9, 2941. https://doi.org/10.1038/s41467-018-04951-w (2018).

Doénertas, H. M., Fabian, D. K., Valenzuela, M. E, Partridge, L. & Thornton, J. M. Common genetic associations between age-
related diseases. Nat. Aging. 1, 400-412. https://doi.org/10.1038/s43587-021-00051-5 (2021).

Kurki, M. I. et al. FinnGen provides genetic insights from a well-phenotyped isolated population. Nature 613, 508-518. https://do
i.0rg/10.1038/s41586-022-05473-8 (2023).

Bjornsdottir, U. S. et al. Pathways activated during human asthma exacerbation as revealed by gene expression patterns in blood.
PLoS Orne. 6, €21902. https://doi.org/10.1371/journal.pone.0021902 (2011).

Freeman, D. W. et al. Altered extracellular vesicle concentration, cargo, and function in diabetes. Diabetes 67, 2377-2388. https://
doi.org/10.2337/db17-1308 (2018).

Clough, E. & Barrett, T. The gene expression omnibus database. Methods Mol. Biol. (Clifton N ]). 1418, 93-110. https://doi.org/10.
1007/978-1-4939-3578-9_5 (2016).

Hemani, G. et al. The MR-Base platform supports systematic causal inference across the human phenome. eLife 7, 859. https://doi
.org/10.7554/eLife.34408 (2018).

Burgess, S. et al. Guidelines for performing Mendelian randomization investigations: update for summer 2023. Wellcome Open.
Res. 4, 186. https://doi.org/10.12688/wellcomeopenres.15555.3 (2019).

Glymour, M. M., Tchetgen, T., Robins, J. M. & E. J. & Credible Mendelian randomization studies: approaches for evaluating the
instrumental variable assumptions. Am. J. Epidemiol. 175, 332-339. https://doi.org/10.1093/aje/kwr323 (2012).

Byrska-Bishop, M. et al. High-coverage whole-genome sequencing of the expanded 1000 genomes project cohort including 602
trios. Cell 185, 3426-3440e3419. https://doi.org/10.1016/j.cell.2022.08.004 (2022).

Lin, S. H., Brown, D. W,, Machiela, M. J. & LDtrait An online tool for identifying published phenotype associations in linkage
disequilibrium. Cancer Res. 80, 3443-3446. https://doi.org/10.1158/0008-5472.CAN-20-0985 (2020).

Burgess, S. & Thompson, S. G. Bias in causal estimates from Mendelian randomization studies with weak instruments. Stat. Med.
30, 1312-1323. https://doi.org/10.1002/sim.4197 (2011).

Bowden, J. et al. Improving the visualization, interpretation and analysis of two-sample summary data Mendelian randomization
via the radial plot and radial regression. Int. J. Epidemiol. 47, 1264-1278. https://doi.org/10.1093/ije/dyy101 (2018).

Scientific Reports |

(2025) 15:10768 | https://doi.org/10.1038/s41598-025-95039-1 nature portfolio


https://doi.org/10.1093/infdis/jiaa069
https://doi.org/10.1016/j.metabol.2022.155177
https://doi.org/10.1111/iej.13732
https://doi.org/10.1371/journal.pone.0280916
https://doi.org/10.3389/fcimb.2023.1141798
https://doi.org/10.1164/rccm.201810-1869OC
https://doi.org/10.1111/all.15692
https://doi.org/10.1164/rccm.202211-2074ED
https://doi.org/10.1164/rccm.202206-1183OC
https://doi.org/10.1038/s41577-024-01025-5
https://doi.org/10.1038/s41577-024-01025-5
https://doi.org/10.1038/s41556-024-01491-y
https://doi.org/10.1038/s41420-023-01524-9
https://doi.org/10.1021/acsomega.4c02545
https://doi.org/10.1021/acsomega.4c02545
https://doi.org/10.1007/s11357-022-00565-9
https://doi.org/10.3389/fimmu.2021.729209
https://doi.org/10.1186/s12886-022-02413-y
https://doi.org/10.2147/jir.S326716
https://doi.org/10.1038/s41598-023-36678-0
https://doi.org/10.1152/ajplung.00182.2012
https://doi.org/10.1152/ajplung.00182.2012
https://doi.org/10.3389/fimmu.2020.00084
https://doi.org/10.1016/j.molmet.2021.101414
https://doi.org/10.1111/all.13363
https://doi.org/10.1177/0962280215597579
https://doi.org/10.1016/j.bbrc.2020.07.088
https://doi.org/10.1080/13543784.2016.1196184
https://doi.org/10.1111/cas.14306
https://doi.org/10.1001/jama.2021.18236
https://doi.org/10.1038/s41467-018-04951-w
https://doi.org/10.1038/s43587-021-00051-5
https://doi.org/10.1038/s41586-022-05473-8
https://doi.org/10.1038/s41586-022-05473-8
https://doi.org/10.1371/journal.pone.0021902
https://doi.org/10.2337/db17-1308
https://doi.org/10.2337/db17-1308
https://doi.org/10.1007/978-1-4939-3578-9_5
https://doi.org/10.1007/978-1-4939-3578-9_5
https://doi.org/10.7554/eLife.34408
https://doi.org/10.7554/eLife.34408
https://doi.org/10.12688/wellcomeopenres.15555.3
https://doi.org/10.1093/aje/kwr323
https://doi.org/10.1016/j.cell.2022.08.004
https://doi.org/10.1158/0008-5472.CAN-20-0985
https://doi.org/10.1002/sim.4197
https://doi.org/10.1093/ije/dyy101
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

69. Verbanck, M., Chen, C. Y., Neale, B. & Do, R. Detection of widespread horizontal Pleiotropy in causal relationships inferred from
Mendelian randomization between complex traits and diseases. Nat. Genet. 50, 693-698. https://doi.org/10.1038/s41588-018-009
9-7 (2018).

70. Li, R. etal. Assessing causal relationships between gut microbiota and asthma: evidence from two sample Mendelian randomization
analysis. Front. Immunol. 14, 1148684. https://doi.org/10.3389/fimmu.2023.1148684 (2023).

71. Hemani, G., Tilling, K. & Davey Smith, G. Orienting the causal relationship between imprecisely measured traits using GWAS
summary data. PLoS Genet. 13, €1007081. https://doi.org/10.1371/journal.pgen.1007081 (2017).

72. Burgess, S., Butterworth, A. & Thompson, S. G. Mendelian randomization analysis with multiple genetic variants using summarized
data. Genet. Epidemiol. 37, 658-665. https://doi.org/10.1002/gepi.21758 (2013).

73. Burgess, S. & Thompson, S. G. Interpreting findings from Mendelian randomization using the MR-Egger method. Eur. J. Epidemiol.
32, 377-389. https://doi.org/10.1007/s10654-017-0255-x (2017).

74. Bowden, J., Davey Smith, G., Haycock, P. C. & Burgess, S. Consistent Estimation in Mendelian randomization with some invalid
instruments using a weighted median estimator. Genet. Epidemiol. 40, 304-314. https://doi.org/10.1002/gepi.21965 (2016).

75. Morrison, J., Knoblauch, N., Marcus, J. H., Stephens, M. & He, X. Mendelian randomization accounting for correlated and
uncorrelated pleiotropic effects using genome-wide summary statistics. Nat. Genet. 52, 740-747. https://doi.org/10.1038/s41588-0
20-0631-4 (2020).

76. Burgess, S., Foley, C. N., Allara, E., Staley, J. R. & Howson, ]. M. M. A robust and efficient method for Mendelian randomization
with hundreds of genetic variants. Nat. Commun. 11, 376. https://doi.org/10.1038/s41467-019-14156-4 (2020).

77. Yan, X. et al. New insights from bidirectional Mendelian randomization: causal relationships between telomere length and
mitochondrial DNA copy number in aging biomarkers. Aging 16, 7387-7404. https://doi.org/10.18632/aging.205765 (2024).

78. Viechtbauer, W. Conducting Meta-Analyses in R with the metafor package. J. Stat. Softw. 36, 1-48. https://doi.org/10.18637/jss.v0
36.i03 (2010).

79. Burgess, S., Bowden, J., Fall, T., Ingelsson, E. & Thompson, S. G. Sensitivity analyses for robust causal inference from Mendelian
randomization analyses with multiple genetic variants. Epidemiol. (Cambridge Mass) 28, 30-42 (2017).

80. Miyazawa, K. et al. Cross-ancestry genome-wide analysis of atrial fibrillation unveils disease biology and enables cardioembolic
risk prediction. Nat. Genet. 55, 187-197. https://doi.org/10.1038/s41588-022-01284-9 (2023).

81. Phipson, B. et al. Robust hyperparameter estimation protects against hypervariable genes and improves power to detect differential
expression. Annals Appl. Stat. 10, 946-963 https://doi.org/10.1214/16-a0as920 (2016).

82. Feng,Z.,Gao, L., Lu, Y., He, X. &Xie, J. The potential contribution of aberrant cathepsin K expression to gastric cancer pathogenesis.
Discover. Oncol. 15, 218. https://doi.org/10.1007/s12672-023-00814-z (2024).

83. Wu, T. et al. ClusterProfiler 4.0: a universal enrichment tool for interpreting omics data. Innov. (Camb.) 2, 100141. https://doi.org
/10.1016/j.xinn.2021.100141 (2021).

Acknowledgements

We would like to extend our thanks to the OpenGWAS, UK Biobank database, FinnGen database, and GEO
database teams for granting public access to their summary data. Furthermore, we are grateful to the principal
investigators of the studies for their transparency in sharing their data for research purposes.

Author contributions

EZ]J and L.YH contributed to conception and designed the project, L.T and G.WH performed the GWAS da-
tasets and analyzed the data and edited graph, and wrote the draft. JWT and D.WW validated the results and
visualized them. All authors contributed to the article and approved the submitted version.

Funding
This work was supported by the found of The National Natural Science Foundation of China (Grant number:
82200038).

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/1
0.1038/s41598-025-95039-1.

Correspondence and requests for materials should be addressed to Y.L. or Z.F.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives
4.0 International License, which permits any non-commercial use, sharing, distribution and reproduction in
any medium or format, as long as you give appropriate credit to the original author(s) and the source, provide
a link to the Creative Commons licence, and indicate if you modified the licensed material. You do not have
permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence
and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommo
ns.org/licenses/by-nc-nd/4.0/.

© The Author(s) 2025

Scientific Reports |

(2025) 15:10768 | https://doi.org/10.1038/541598-025-95039-1 nature portfolio


https://doi.org/10.1038/s41588-018-0099-7
https://doi.org/10.1038/s41588-018-0099-7
https://doi.org/10.3389/fimmu.2023.1148684
https://doi.org/10.1371/journal.pgen.1007081
https://doi.org/10.1002/gepi.21758
https://doi.org/10.1007/s10654-017-0255-x
https://doi.org/10.1002/gepi.21965
https://doi.org/10.1038/s41588-020-0631-4
https://doi.org/10.1038/s41588-020-0631-4
https://doi.org/10.1038/s41467-019-14156-4
https://doi.org/10.18632/aging.205765
https://doi.org/10.18637/jss.v036.i03
https://doi.org/10.18637/jss.v036.i03
https://doi.org/10.1038/s41588-022-01284-9
https://doi.org/10.1214/16-aoas920
https://doi.org/10.1007/s12672-023-00814-z
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1016/j.xinn.2021.100141
https://doi.org/10.1038/s41598-025-95039-1
https://doi.org/10.1038/s41598-025-95039-1
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://www.nature.com/scientificreports

	﻿Monocyte CCL2 signaling possibly contributes to increased asthma susceptibility in type 2 diabetes
	﻿Results
	﻿Overall levels
	﻿Bidirectional causal relationship between T2D and asthma
	﻿Sensitivity analysis between T2D and asthma


	﻿Subgroup levels
	﻿Causal relationship between diabetes subtypes and asthma
	﻿Sensitivity analysis between diabetes subtypes and asthma
	﻿Causal relationship between T2D subtypes and asthma subtypes
	﻿Causal relationship between T2D subtypes and asthma-related complications

	﻿Sensitivity analysis in subgroup analyses
	﻿MVMR analysis
	﻿Bioinformatics analysis
	﻿Discussion
	﻿Conclusion
	﻿Materials and methods
	﻿Study design and data sources
	﻿Instrumental variables (IVs) selection
	﻿Exposure-related IVs
	﻿Exclusion of confounders


	﻿MR analysis
	﻿Sensitivity analysis
	﻿Multivariable MR analysis


