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Background: The causal relationship between HIV infection and insulin resistance, as well as diabetes mellitus, remains uncertain. 
This study explores these associations using genome-wide association study data and Mendelian randomization techniques.
Methods: We performed bidirectional, two-sample Mendelian randomization analyses to evaluate the causal links between HIV 
infection and insulin resistance, as well as type 1 diabetes, type 2 diabetes, and gestational diabetes. Additionally, we assessed the 
relationship between HIV infection and glycated hemoglobin. Five Mendelian randomization methods were employed: inverse 
variance weighting, MR-Egger, weighted median, weighted mode, and simple mode. Cochran’s Q test was used to assess hetero
geneity, while the MR-Egger intercept test evaluated horizontal pleiotropy. Sensitivity was evaluated using the leave-one-out method.
Results: No causal effects were found between HIV infection and insulin resistance, type 1 diabetes, type 2 diabetes, gestational 
diabetes, or HbA1c levels. IVW analysis and other Mendelian randomization methods consistently yielded null results (all p > 0.05). 
Reverse Mendelian randomization analyses supported these null findings. Sensitivity analyses confirmed the robustness of our results, 
with no significant heterogeneity or pleiotropy detected.
Conclusion: This Mendelian randomization study found no significant causal links between HIV infection and insulin resistance or 
diabetes mellitus. The null association with glycated hemoglobin further supports these findings. These results provide insights into the 
pathogenesis of insulin resistance and diabetes in individuals living with HIV, highlighting the need for further exploration of potential 
mediating factors, such as antiretroviral therapy, inflammation, and obesity.
Keywords: HIV infection, insulin resistance, diabetes, Mendelian randomization study, mediating factors

Introduction
Human immunodeficiency virus (HIV) is a retrovirus that primarily infects activated CD4+ T lymphocytes,1 leading to 
a decrease in the number of host CD4+ T cells, which, in turn, causes immunodeficiency and may eventually progress to 
acquired immunodeficiency syndrome (AIDS).2 According to statistics from the United Nations Joint Programme on HIV/ 
AIDS, since the onset of the AIDS epidemic, 85.6 million people worldwide have been infected with HIV, and 40.4 million 
have died from AIDS-related diseases. While the global number of AIDS-related deaths has decreased by 51% since 2010, by 
2023, 39 million people are still living with HIV, and 630,000 people have died from AIDS-related illnesses.3 These data 
indicate that HIV/AIDS and its related diseases continue to be severe global public health challenges.

Despite the decline in mortality among HIV-infected people, their life expectancy is still lower than that of the general 
population, which is associated with an increased risk of contracting noncommunicable diseases (NCDs), such as diabetes 
mellitus, insulin resistance (IR), cardiovascular diseases, both AIDS-related and non-AIDS-related malignancies, metabolic 
syndrome, and others.4 These factors contributing to increased risk include traditional risk factors (such as smoking, alcohol 
abuse, and drug misuse). In addition, HIV-specific factors (such as the toxicity of antiretroviral therapy, persistent high levels 
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of inflammation, and immune activation).5,6 However, the specific causal relationship between HIV infection and noncom
municable diseases remains unclear.

The physiological definition of IR is that the body requires relatively high levels of circulating insulin to effectively 
exert glucose-lowering effects on target cells.7 A 2017 cross-sectional study in Cameroon, sub-Saharan Africa, reported 
that the prevalence of IR among HIV-infected individuals was as high as 47.3%.8 Studies have shown that IR in 
individuals with HIV is not only linked to factors such as antiretroviral therapy(ART), the gut microbiota, and immune 
activation but may also be directly associated with HIV infection itself.9,10 As a result, the causal relationship between 
HIV infection and IR remains unclear.

Diabetes is a group of metabolic diseases characterized by defects in insulin secretion, defects in insulin action, or 
both, leading to chronic hyperglycemia. Depending on the cause, diabetes can be divided into four categories: type 1 
diabetes (T1D), type 2 diabetes (T2D), other specific types of diabetes, and gestational diabetes (GDM). T1D is caused 
by the destruction of β-cells, which primarily leads to absolute insulin deficiency. T2D ranges from predominantly IR 
with relative insulin deficiency to predominantly an insulin secretory defect with IR. Other specific types of diabetes 
include genetic defects in beta cells, genetic defects in insulin action, exocrine diseases of the pancreas, etc. GDM is 
defined as any degree of impaired glucose tolerance that develops or is first identified during pregnancy. The main 
diagnostic indicator for diabetes is glycated hemoglobin (GHbA1c), which is also an important chronic blood glucose 
marker.11 A global meta-analysis conducted in 2020 revealed that the prevalence of diabetes among HIV-infected 
individuals ranged from 1.3% to 26%, with an incidence rate ranging from 2.9% to 12.8%.12 Additionally, studies in 
low- and middle-income countries have reported that the incidence of diabetes among HIV-infected individuals ranges 
from 1.3% to 18%.13 These data indicate that HIV infection may increase the risk of diabetes,14,15 but the causal 
relationship between HIV and diabetes remains unclear.

Instrumental variables (IVs) are variables that are associated with the exposure under study but are not influenced by 
confounders. They affect the outcome solely through their relationship with risk factors. While any variable that meets these 
criteria can serve as an instrumental variable, genetic variants are often considered reasonable choices because of their unique 
genetic characteristics.16 Mendelian randomization (MR) uses genetic variation, such as single nucleotide polymorphisms 
(SNPs), as instrumental variables to assess whether observational associations between exposure factors and outcomes are 
causal. This approach effectively avoids reverse causality bias and confounding—issues commonly encountered in traditional 
studies16–19—and provides a level of evidence that is regarded as just below that of randomized controlled trials (RCTs).16

This study aims to investigate whether HIV infection is causally associated with metabolic diseases via an MR 
approach, integrating the most recent data on HIV infection with data on IR, D1M, D2M, and GDM. Additionally, the 
relationship between HIV infection and GHbA1c will be analyzed to further support and validate these causal 
associations.

Methods
Study Design
This study utilized two-sample bidirectional MR analysis to evaluate the causal relationships between HIV infection and 
IR and diabetes. This study strictly followed the basic principles outlined in the Guidelines for the Reporting of 
Observational Studies in Epidemiology Using Mendelian Randomization (STROBE-MR).20 In this study, SNPs were 
used as IVs, requiring the following three core assumptions: (1) Correlation assumption: a significant correlation exists 
between the IVs and the exposure factors; (2) Independence assumption: the IVs is not associated with any potential 
confounding factors; (3) Exclusivity assumption: the IVs affects the outcome solely through the exposure factors, without 
influence from other factors. The study design is shown in Figure 1.

Data Sources
All data used in this study were obtained from the IEU Open GWAS database and Finnish databases. To ensure 
population homogeneity, datasets for both exposures and outcomes were selected exclusively from individuals of 
European ancestry.
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The datasets on HIV infection and comorbidity with other diseases are derived from Finnish databases and consist of 
the following two groups: finn-b-AB1_HIV, which addresses infectious and parasitic diseases caused by HIV, and finn- 
b-AB1_OTHER_CONDITIONS, which covers other conditions caused by HIV. Given that this study aimed to explore 
the relationship between HIV infection and noncommunicable diseases such as IR and diabetes, the finn- 
b-AB1_OTHER_CONDITIONS dataset was selected.

The specific datasets used in this study were as follows: HIV infection (Finn-b-AB1A-OTHER-CONDITIONS: 333 
cases and 218,435 controls), IR (Ebi-a-GCST005179: 37,037 participants), T1D (Ebi-a-GCST90014023: 520,580 
participants, including 18,942 cases and 501,638 controls), T2D (Ebi-a-GCST006867: 655,666 participants, including 
61,714 cases and 1178 controls), GDM (Finn-b-GEST_DIABETES: 5687 cases and 117,892 controls), and GHbA1c 
(Ebi-a-GCST005179: 344,182 participants). Data on other specific types of diabetes mellitus were not analyzed because 
of the current lack of data and their low prevalence. (Detailed information on the GWAS data used in this study can be 
found in Table S1).

Selection of Genetic Instruments
In this study, instrumental variables were rigorously screened via pooled GWAS data to ensure that they satisfied the core 
assumptions of MR analysis. First, the selected SNPs had to be significantly correlated with the exposure factors, with 
p values at the genome-wide significance level being less than 5 × 10−8. Second, to minimize potential bias from linkage 
disequilibrium, we applied an R² < 0.001 threshold and a clustering window of >10,000 kb for SNPs aggregation. Next, 
each SNP was manually examined via the PhenoScape database (PhenoScanner)21 and the LDtrait tool22 to exclude 
genetic variants associated with potential confounders.

In addition, to prevent the influence of weak instrumental variables on causal inference, we calculated the strength of 
all remaining SNPs as instrumental variables by assessing the F statistic, which is defined as:

where R2 represents the proportion of variance in HIV infection explained by each instrument and where N is the GWAS 
sample size for HIV infection.23 

Figure 1 Study design. (I) Correlation assumption: lVs are related to the exposure. (II) Independence assumption: IVs are independent of confounders. (III) Exclusivity 
assumption: lVs affect the outcome only through the exposures. 
Abbreviation: MR, Mendelian randomization.
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The R2 value was calculated via the following formula:

Here, EAF refers to the effect allele frequency, β is the estimated genetic effect on HIV infection, and SE (β) denotes the 
standard error of the effect.23 F statistics greater than 10 are considered indicative of strong instrumental variables and are 
deemed appropriate for MR analyses.24

Finally, the exposure and outcome datasets were harmonized to exclude palindromic and ambiguous SNPs with 
incongruent alleles, ensuring allelic consistency. The filtered SNPs were then used in two-sample MR analyses to provide 
robust evidence of genetic causation.

Statistical Analysis
In conducting forward MR analyses, where HIV infection was treated as the exposure factor, we began by identifying 
SNPs that reached genome-wide significance (P < 5 × 10−8) to serve as IVs. Given the limited number of SNPs identified, 
we adjusted the threshold to P < 5 × 10−5. For the inverse MR analysis, however, we adhered to the genome-wide 
significance threshold (P < 5 × 10−8) when selecting SNPs to serve as IVs.

To evaluate the causal relationships between HIV infection and IR, diabetes mellitus, and GHbA1c, we applied 
various MR analytical methods, including inverse variance weighting (IVW), MR‒Egger regression, weighted median, 
simple mode, and weighted mode. The IVW method was used as the primary analytical approach, as it delivers the most 
accurate results without requiring the assumption of horizontal pleiotropy validity.25 We subsequently performed a series 
of sensitivity analyses. To detect heterogeneity in the SNP effects of the instrumental variables, we applied Cochran’s 
Q test, with P < 0.05 indicating significant heterogeneity.26 We applied the MR‒Egger intercept test to assess the 
potential presence of horizontal pleiotropy. Additionally, we utilized the MR-PRESSO method to identify and exclude 
SNP outliers with potential pleiotropic effects, ensuring that the final estimates aligned with the results of the IVW 
method.27 To further evaluate robustness, we conducted a leave-one-out sensitivity analysis to assess the influence of 
each individual SNP on causal inference.28

Statistical analyses were conducted via R software (version 4.4.0), leveraging the “TwoSampleMR” (version 0.6.1) 
and “ggplot2” (version 3.5.1) packages for data processing and visualization. All presented P values were two-tailed (all 
presented P values were two tailed), where P values between 0.01 and 0.05 were considered suggestive causal inferences. 
In this analysis, MR results were reported as odds ratios (ORs) with 95% confidence intervals (CIs), where the ORs 
represented the relationship between a per-unit change in exposure factors and the risk of the outcome.

Results
Result 1: Positive Relationship Between HIV Infection and Insulin Resistance and 
Diabetes Mellitus
On the basis of the assumptions of MR analysis, this study examines HIV infection as an exposure to assess its causal 
relationships with IR, T1D, T2D, and GDM. IVs that are strongly correlated with these outcomes were selected: 
specifically, 6 for IR, 33 for T1D, 6 for T2D, and 34 for GDM (Tables S2.1–S2.4 for detailed IVs).

Analysis via the IVW method did not reveal significant causal relationships. The results were as follows: IR (OR = 1.004, 
95% CI [0.991, 1.018], p = 0.525), T1D (OR = 1.009, 95% CI [0.900, 1.027], p = 0.359), T2D (OR = 0.994, 95% CI [0.969, 
1.021], p = 0.671), and GDM (OR = 1.006, 95% CI [0.988, 1.025], p = 0.489) (Figure 2A–D).

Scatter plot analyses demonstrated that the results obtained from the MR‒Egger, weighted median, simple mode, and 
weighted mode methods were consistent with those of the IVW method, further reinforcing the robustness of the findings 
(Figure 3A–D).

Cochran’s Q test results indicated that the p values for both the IVW and MR‒Egger methods exceeded 0.05, 
suggesting that there was no significant heterogeneity among the instrumental variables (Tables S3.1–S3.4 for 
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heterogeneity). Furthermore, MR-PRESSO indicated no significant outlier SNPs (Tables S4.1–S4.4), and MR‒Egger 
regression detected no evidence of horizontal pleiotropy (Tables S5.1–S5.4 for Pleiotropy).

Funnel plot analysis revealed that the causal effects were symmetrically distributed, supporting the robustness of 
MR‒Egger regression (Figure S1 for the funnel plots). Additionally, sensitivity analysis via forest plots and the leave-one 
-out method further confirmed that excluding each SNP individually did not significantly alter the results, suggesting that 
the analysis is robust and reliable, with no single SNP having a significant effect on the causal relationships among HIV 
infection, IR, and diabetes (Figures S2 and S3 for the forest and leave-one-out plots).

Result 2: Inverse Associations of HIV Infection with Insulin Resistance and Diabetes 
Mellitus
Similarly, we analyzed the effects of IR and diabetes as exposure factors on HIV infection. A total of 47, 72, 114, and 
17 highly correlated IVs were selected for analysis (Tables S2.5–S2.8 for detailed IVs). In the analysis of T1D, the 
instrumental variable rs1008438 was excluded because of its association with the HIV gp41 C34 peptide.

The results of the IVW analysis revealed no significant causal associations. Specifically, the results were as follows: 
for IR: OR = 0.787 (95% CI [0.293, 2.109]), p = 0.633; for T1D: OR = 1.038 (95% CI [0.946, 1.139]), p = 0.43; for T2D: 
OR = 0.993 (95% CI [0.815, 1.211]), p = 0.948; for GDM: OR = 1.197 (95% CI [0.896, 1.600]), p = 0.224 
(Figure 4A–D).

Figure 2 Results of MR analysis of the effects of HIV infection on insulin resistance and diabetes mellitus. (A) Shows the results of MR analysis of HIV infection and IR; 
(B) Shows the results of MR analysis of HIV infection and T1D; (C) Shows the results of analysis of HIV infection and T2D; (D) Shows the results of analysis of HIV infection 
and GDM.
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The scatter plots confirmed that the ORs derived from the MR‒Egger, weighted median, simple mode, and weighted 
mode methods were consistent with those from the IVW method, further validating the robustness of the results 
(Figure 5A–D).

Cochran’s Q test revealed that the p values for both the IVW and MR‒Egger analyses were greater than 0.05, 
indicating that there was no significant heterogeneity among the IVs (Tables S3.5–S3.8 for heterogeneity). Furthermore, 
MR-PRESSO indicated no significant outlier SNPs (Tables S4.5–S4.8), and MR‒Egger regression detected no evidence 
of horizontal pleiotropy (Tables S5.5–S5.8 for Pleiotropy).

Funnel plot analysis demonstrated that the causal effects were symmetrically distributed, further supporting the 
findings of the MR‒Egger regression (Figure S4 for the funnel plots). Sensitivity analysis, including forest plots and 

Figure 3 Scatter plots of MR analysis of the effects of HIV infection on insulin resistance and diabetes mellitus. (A) Shows the scatter plot of MR analysis of HIV infection 
with IR; (B) Shows the scatter plot of MR analysis of HIV infection with T1D; (C) Shows the scatter plot of MR analysis of HIV infection with T2D; (D) Shows the scatter 
plot of MR analysis of HIV infection with GDM.
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leave-one-out analysis, further confirmed that excluding individual SNPs did not significantly alter the IVW analysis 
results, indicating the robustness of the findings (Figures S5 and S6 for the forest and leave-one-out plots).

Result 3: HIV and Glycated Hemoglobin MR Analysis
The study also examined the causal relationship between HIV infection (exposure) and GHbA1c (outcome). We selected 
34 IVs highly correlated with GHbA1c for analysis (Table S2.9 for detailed IVs). The analysis of a European cohort 
revealed no significant causal relationship between HIV infection and GHbA1c via the IVW method (OR = 1.001, 95% 
CI [0.998, 1.004], p = 0.554; Figure 6A). Scatter plots confirmed that the results of the MR‒Egger, weighted median, 
simple mode, and weighted mode methods were consistent with those of the IVW method, further validating the 
robustness of the findings (Figure 6B).

Cochran’s Q test indicated no significant heterogeneity between individual SNPs, with p values greater than 0.05 for 
both the IVW and MR‒Egger methods (Table S3.9 for heterogeneity). MR-PRESSO detected no significant outlier SNPs 
(Table S4.9), and MR-Egger regression detected no evidence of horizontal pleiotropy (Table S5.9). Funnel plot analysis 
revealed a symmetrical distribution of causal effects, supporting the robustness of the MR‒Egger regression results 
(Figure S7A for the funnel plots). Sensitivity analyses, including forest plots and leave-one-out analysis, revealed that 
excluding individual SNPs did not significantly affect the IVW results, confirming the robustness and reliability of the 
findings (Figure S7B and C for the forest and leave-one-out plots).

Figure 4 Results of MR analysis of the effects of insulin resistance and diabetes mellitus on HIV infection. (A) Shows the results of MR analysis of IR and HIV infection; (B) 
Shows the results of MR analysis of T1D and HIV infection; (C) Shows the results of MR analysis of T2D and HIV infection; and (D) Shows the results of MR analysis of GDM 
and HIV infection.
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For further analysis, GHbA1c was treated as the exposure factor, and HIV infection was treated as the outcome 
variable. A total of 276 IVs highly correlated with GHbA1c were selected for MR analysis (Table S2.10 for detailed IVs). 
In the European population, the IVW method revealed no significant causal relationship between GHbA1c and HIV 
infection (OR = 0.948, 95% CI [0.672, 1.338], p = 0.761; Figure 6C). Scatter plots confirmed that the results of the MR‒ 
Egger, weighted median, simple mode, and weighted mode methods were consistent with those of the IVW method, 
further validating the robustness of the findings (Figure 6D).

According to Cochran’s Q test, the p values for both IVW and MR‒Egger were greater than 0.05, indicating no significant 
heterogeneity among the instrumental variables (Table S3.10 for heterogeneity). MR-PRESSO indicated no significant outlier 
SNPs (Table S4.10), and MR‒Egger regression detected no evidence of horizontal pleiotropy (Table S5.10). Funnel plot 

Figure 5 Scatter plots of MR analysis for insulin resistance and diabetes mellitus in HIV infection. (A) Shows the scatter plot of MR analysis of IR with HIV infection; (B) 
Shows the scatter plot of MR analysis of T1D with HIV infection; (C) Shows the scatter plot of MR analysis of T2D with HIV infection; (D) Shows the scatter plot of MR 
analysis of GDM with HIV infection.
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analysis further supported the robustness of MR‒Egger regression (Figure S8A for the funnel plots), and sensitivity analysis 
confirmed that no single SNP significantly affected the IVW results (Figure S8B and C for the forest and leave-one-out plots).

Discussion
This study systematically investigated the causal relationships between HIV infection and IR and diabetes mellitus 
through a two-sample MR approach on the basis of data from the GWAS database. The relationships between GHbA1c, 
a key biomarker of diabetes, and HIV infection were subsequently analyzed to validate the previous findings, yielding 
consistent conclusions. The study revealed no statistically significant causal relationships between HIV infection and IR 
and diabetes. Multiple sensitivity analyses were conducted to ensure the robustness of the results, further reinforcing the 
reliability of the findings.

Figure 6 Bidirectional scatter plots and results of MR analysis of the effects of HIV infection on glycated hemoglobin. (A) Shows the scatter plot of MR analysis between HIV 
infection and glycated hemoglobin; (B) Shows the MR analysis results between HIV infection and glycated hemoglobin; (C) Shows the scatter plot of MR analysis between 
glycated hemoglobin and HIV infection; (D) Shows the MR analysis results between glycated hemoglobin and HIV infection.
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Our study found no direct causal effect of HIV infection on IR. This result is consistent with existing research suggesting that 
the increased IR observed among people living with HIV is mainly driven by traditional risk factors (such as age and obesity) and 
HIV-related factors—particularly ART—rather than HIV itself.5,6 Notably, ART, the cornerstone of lifelong HIV treatment, 
exerts complex and wide-ranging effects on metabolism. For example, protease inhibitors (PIs), such as lopinavir, ritonavir and 
nelfinavir, can directly interfere with the function of GLUT4 transporters, thereby reducing glucose uptake in adipocytes and 
muscle cells.29–31 Some PIs may also inhibit adipocyte differentiation32 and modulate the expression and localization of sterol 
regulatory element-binding protein 1, which in turn affects the expression of lipogenic factors33,34 and triglyceride storage. These 
changes may contribute to abnormal lipid accumulation and disrupted signaling in insulin target tissues.35 PIs have also been 
shown to induce endoplasmic reticulum stress and activate inflammatory pathways, such as the NF-κB–IKK cascade, further 
worsening IR.36,37 Nucleoside reverse transcriptase inhibitors (NRTIs), such as stavudine, may contribute to the progression of 
IR by inducing mitochondrial DNA damage and impairing energy metabolism.38,39 In recent years, epigenetic modifications 
have also been recognized as potential mechanisms involved in this process.40 Collectively, these findings suggest that HIV 
infection may influence insulin sensitivity indirectly through multiple mediating pathways rather than acting as a direct causative 
factor. This is in line with our MR results. However, some observational studies have reported contradictory findings, likely due 
to confounding factors—such as ART exposure—that are difficult to fully control for.41,42 For example, a 2019 cross-sectional 
study in Uganda involving perinatally HIV-infected children reported an association between HIV infection and IR,43 and a 2023 
prospective study reached similar conclusions.44

Additionally, our study found no significant causal association between HIV infection and either T1D or T2D, although 
epidemiological evidence suggests a higher risk of T2D in people with HIV compared to the general population.45–48 This 
elevated risk is thought to result primarily from traditional factors (eg, age, obesity, baseline IR, dyslipidemia) and HIV-related 
factors (eg, specific ART drugs, HCV coinfection) rather than HIV itself. For instance, a US-based prospective study identified 
age, HCV coinfection and prolonged ART as key risk factors, with little contribution from HIV per se.49 Another study, with 
a median follow-up of over seven years, found that T2D incidence was significantly associated with baseline IR, hyper
triglyceridemia, central obesity and statin therapy, but not with HIV-related variables.50 Mechanistic studies support these 
findings as well.51 The metabolic side effects of HIV medications are known to play a critical role in T2D development. PIs, 
like indinavir and ritonavir, impair peripheral glucose uptake by disrupting GLUT4 function. They may also suppress 
peroxisome proliferator-activated receptor activity by interfering with cellular retinoic acid-binding protein 1, leading to 
adipocyte inflammation and free fatty acid release, which negatively affect insulin secretion and sensitivity.52,53 Moreover, 
nelfinavir and indinavir can directly damage pancreatic β-cells, resulting in impaired insulin secretion.54,55 Long-term use of 
NRTIs (eg, stavudine, zidovudine) has been linked to mitochondrial DNA damage, energy metabolism dysfunction and 
insulin resistance.56 Integrase inhibitors may contribute to diabetes through mechanisms such as magnesium depletion.57 

These mediators support the conclusion that HIV infection is not a direct cause of T2D but exerts indirect effects through 
complex mechanisms—particularly ART-related pathways—consistent with our causal inference findings.

Finally, we found no statistically significant causal association between HIV infection and GDM. Although some 
studies (eg, a 2023 South African cohort study) have reported an elevated risk of glucose metabolism abnormalities in 
HIV-positive pregnant women,58 these findings do not contradict our results. Meta-analyses published in 2017 and 2023, 
both globally and in the UK/Ireland, also found no significant association between HIV and GDM,59,60 further supporting 
the notion that HIV infection itself is not a direct trigger of GDM. Existing evidence suggests that the increased GDM 
risk among HIV-positive pregnant women may result from multiple mediating factors, including impaired placental 
function due to HIV infection, ART exposure, hormonal imbalances, metabolic disruptions and abnormal regulation of 
growth factors—with ART playing a particularly prominent role.61 ART may interfere with placental endocrine function, 
for example by reducing progesterone62 and leptin (which has anti-diabetic properties),63 increasing cortisol levels64 and 
disrupting the placental growth hormone–insulin-like growth factor-1 (GH–IGF-1) axis,65,66 thereby contributing to 
impaired glucose metabolism. Therefore, HIV may indirectly promote the development of GDM via multiple inter
mediary pathways rather than acting as a direct cause.

Although this study did not identify a significant causal relationship between HIV infection and IR or diabetes, the 
findings hold important implications for public health policy. Close attention should be given to risk factors linked to IR 
and diabetes in HIV-infected patients, such as antiretroviral therapy, coinfections, and lifestyle factors, as part of their 
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treatment and disease management. Therefore, it is crucial to develop more precise, personalized public health policies 
aimed at improving these patients’ quality of life and extending their life expectancy.

The present study has several strengths, most notably its use of a rigorous MR design, which effectively minimized the 
impact of confounding factors and reduced the likelihood of reverse causality. Additionally, the instrumental variables selected 
were strongly associated with the exposure factors of interest and were not in linkage disequilibrium. In our analyses, the 
F statistics of the instrumental variables were all well above 10, demonstrating the strong validity of the genetic instruments. 
Horizontal pleiotropy poses a significant challenge for MR studies, as genetic variations can influence results through 
pathways unrelated to the target exposure factors. To address this, several sensitivity analyses were conducted to minimize 
the effects of heterogeneity and pleiotropy, ensuring the robustness of our findings. The results of the MR‒Egger intercept test 
did not show horizontal pleiotropy, which further confirms the reliability of our results. In addition, the results were further 
validated in this study via MR analysis of GHbA1c, and all this evidence supports the reliability of our findings. Finally, the 
sample size was large enough, enabling us to obtain more accurate results.

While this study provides valuable insights, it also has several limitations. The findings are primarily based on GWAS 
data, which predominantly focus on individuals of European ancestry, making it uncertain whether the results can be 
generalized to other ethnic groups. Given the limited data on the associations between HIV infection and IR and diabetes 
in other populations, further validation in diverse cohorts would be highly valuable. Additionally, although this study 
suggests that there is no causal relationship between these factors, the underlying mechanisms through which HIV- 
infected individuals develop comorbid IR and diabetes warrant further investigation.

Conclusion
This study revealed no significant causal relationships between HIV infection and IR or diabetes. These findings provide 
valuable insights for clinical practice, suggesting that while metabolic health is a critical aspect of managing HIV- 
infected individuals, HIV infection itself should not be considered a direct cause of IR and diabetes. Further research is 
needed to investigate potential mediators or underlying mechanisms—such as ART, obesity, and chronic inflammation— 
that may contribute to the development of IR and diabetes in this population. Clinicians should consider these factors 
when developing personalized treatment strategies to optimize patient management and outcomes.
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