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This study uses two-sample MR analysis with GWAS summary statistics to evaluate the causal 
relationship between metabolic syndrome and low back pain. A two-sample Mendelian randomization 
analysis used GWAS summary statistics for low back pain from the FinnGen database and metabolic 
syndrome data, including waist circumference, hypertension, fasting blood glucose, HDL cholesterol, 
and triglyceride levels. Various methods like inverse variance weighted, MR-Egger, weighted median, 
and mode assessed the causal relationship, with sensitivity analyses addressing heterogeneity 
and pleiotropy. Our analysis found a statistically significant causal association between essential 
hypertension (OR  2.38, 95% CI 1.42–3.96; Padj = 0.002), metabolic syndrome (OR  1.05, 95% CI 1.01–
1.10; Padj = 0.023) and waist circumference (OR   49, 95% CI 1.32–1.68; Padj < 0.001) and low back pain 
(OR  1.41, 95% CI 1.30–1.53, Padj < 0.001). In contrast, fasting blood glucose (FBG), HDL cholesterol, and 
triglycerides showed no significant associations with low back pain across all MR methods. The results 
of sensitivity analyses indicated that the heterogeneity and pleiotropy were unlikely to disturb the 
causal estimate. Our study indicates that increased essential hypertension, metabolic syndrome and 
waist circumference is causally associated with a higher risk of low back pain. Interventions targeting 
metabolic syndrome components, particularly blood pressure control and weight management, could 
help reduce the risk of low back pain. Further research is needed to explore the underlying biological 
pathways linking these metabolic factors to low back pain.
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Low back pain is a prevalent condition that affects populations across various regions—both developed and 
developing—and spans all age groups, from children to the elderly1. The 2019 Global Burden of Disease 
Study highlighted low back pain as a leading determinant of impaired health among young and middle-aged 
individuals2. Not merely a critical factor in medical rehabilitation, low back pain also accounts for substantial 
work absenteeism, positioning it as a significant global public health concern3. Reports suggest a lifetime 
prevalence of up to 84%, with chronic manifestations in approximately 23% of cases4,5. Therefore, the elucidation 
of risk and protective factors is crucial for the prevention and treatment of this condition.

Several risk factors for low back pain have been identified: prolonged static sitting6, heavy lifting7, and poor 
postural habits8 are among the most commonly cited. Moreover, metabolic syndrome—with its components of 
central obesity, dyslipidemia, hypertension, and dysglycemia—has been implicated due to its systemic impact on 
inflammation, biomechanics, and vascular health9–13. Central obesity, particularly increased waist circumference, 
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is increasingly recognized as a crucial factor in the development of low back pain. Recent epidemiological 
evidence supports the notion that individuals with larger waist circumferences have a higher incidence of low 
back pain14. In addition to central obesity, other components of metabolic syndrome such as dyslipidemia—
reflected in abnormal levels of HDL cholesterol and triglycerides—and hypertension have also been linked to 
low back pain15,16. Research suggests that these factors contribute to the condition through mechanisms such 
as altered lipid metabolism and increased systemic inflammation, which can exacerbate pain by affecting the 
spinal tissues and surrounding structures17. Despite extensive data, delineating a causal relationship between 
metabolic factors and low back pain remains elusive, with clinical research hampered by limited sample sizes, 
biases, cost, and temporal constraints. Additionally, confounding variables and lifestyle factors can mask the true 
associations at play. This complex interaction underlines the need for comprehensive studies that can dissect 
these intricate relationships further.

To address these limitations, our study adopts a Mendelian Randomization (MR) framework, utilizing genetic 
variants as instrumental proxies for metabolic factors18,19. This method circumvents many of the confounders 
inherent in observational studies by employing the random segregation of alleles to deduce the potential causal 
impact of an exposure on an outcome20. This study employs a two-sample MR analysis using genome-wide 
association study (GWAS) summary statistics to evaluate the causal relationship between metabolic syndrome 
and low back pain.

Methods
Study design and data sources
A two-sample MR study design was used (Fig. 1). For causal estimates derived from MR studies to be deemed 
valid, three crucial assumptions must be satisfied: (1) the genetic instruments must exhibit a robust association 
with the exposure of interest; (2) the genetic instruments should not be correlated with any confounding variables 
that might introduce bias into the results; and (3) the genetic instruments must influence the outcome solely 
through their impact on the exposure, without exerting any direct effects21. The drafting of this study adheres 
to the STROBE-MR guidelines22, and the STROBE-MR checklist is included in the supplementary materials.

The GWAS summary statistics pertaining to low back pain were sourced from the FinnGen dataset23. This 
investigation concentrated on European populations, encompassing 42,521 cases and 353,224 controls, yielding 
a total of 20,993,082 SNPs (​h​t​t​p​s​:​​​/​​/​s​t​o​r​a​g​​e​.​g​o​o​g​l​e​a​​p​i​​s​.​c​​​o​m​/​f​i​n​​n​g​​e​n​-​​p​u​b​​l​i​​c​-​d​​a​t​​a​​-​r​1​2​/​​s​u​m​​m​a​​r​y​_​​s​t​​a​t​s​/​r​e​​​l​e​a​s​e​​/​f​​i​n​
n​g​​​e​n​_​​R​​1​2​_​M​1​3​_​L​O​W​B​​A​C​K​P​A​I​N​.​g​z).

Fig. 1.  Study design and workflow.
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The GWAS data regarding metabolic syndrome were compiled from prior studies, incorporating research on 
metabolic syndrome itself24, waist circumference25, essential hypertension (genomic sequencing data from the 
UK Biobank cohort), fasting blood glucose (FBG) levels26, as well as high-density lipoprotein (HDL) cholesterol 
and triglyceride levels27. Specific details are outlined in Table 1.

Instrumental variable (IV)
In order to bolster the accuracy and reliability of the conclusions pertaining to the causal relationship, 
a comprehensive array of quality control measures was implemented in the selection of optimal genetic 
instruments. Initially, single nucleotide polymorphisms (SNPs) failing to meet the genome-wide significance 
threshold (P < 5 × 10−8) were excluded as instrumental variables (IVs)28. Subsequently, SNPs with a minor allele 
frequency (MAF) exceeding 0.01 were retained. To mitigate the impact of linkage disequilibrium (LD), SNPs 
were further filtered based on an LD threshold (r2 < 0.001) and confined within a genomic region spanning 
10,000kb29. In cases where the selected SNPs were absent from the summary data for the outcome, proxy SNPs 
exhibiting a high LD correlation (r2 > 0.8) were utilized as substitutes30. The F-statistic, calculated as R2 × (N-2)/
(1-R2) for each IV, was employed to assess the strength of the instruments, with R2 denoting the proportion of 
phenotypic variance explained by each genetic variant in the exposure, and N representing the sample size31. 
Generally, an F-statistic exceeding 10 was indicative of robust instrumental variables32.

MR analyses
We performed two-sample Mendelian randomization (MR) analyses using the following R packages: 
TwoSampleMR (v0.6.9), MRPRESSO (v1.0), LDlinkR (v1.4.0.9000), and ieugwasr (v1.0.1). The primary 
methodologies employed included inverse variance weighted (IVW), MR-Egger regression, weighted median 
(WM), and weighted mode approaches. Our principal analysis was based on the IVW method33. MR-
Egger regression served to provide effect estimates and to test for directional pleiotropy through the MR-
Egger intercept test. A non-significant MR-Egger intercept (P > 0.05) indicates no evidence of pleiotropy, as 
detailed in34. Weighted median analysis was utilized to assess causality, assuming validity in at least half of the 
instrumental variables (IVs)21. To visualize the causal relationships and the influence of each single nucleotide 
polymorphism (SNP) on the outcome, forest, scatter, and funnel plots were generated. Additionally, we applied 
the False Discovery Rate (FDR) correction method to adjust P-values for multiple testing, considering findings 
with P < 0.05 as statistically significant.

Sensitivity analyses
Pleiotropy detection was conducted via MR-Egger, where a significant intercept (P < 0.05) is indicative of 
pleiotropy34. Cochran’s Q test was utilized to evaluate heterogeneity among IVs for each phenotypic exposure, 
with a P value above 0.05 signifying an absence of heterogeneity35. MR-PRESSO was employed to identify and 
eliminate outliers (P < 0.05) and to adjust for horizontal pleiotropy36. A leave-one-out analysis was performed 
to determine the influence of each SNP on the overall causality by excluding each SNP sequentially before 
conducting MR analyses on the remaining SNPs37.

Results
Selection of instrumental variables
Detailed information regarding the number of IVs and proxy relationships for each exposure is summarized 
in the Supplementary Table 1 and Supplementary Table 2. The mean F-statistic values for these analyses are as 
follows: Metabolic syndrome is 73.4, waist circumference is 57.04, essential hypertension is 48.2, fasting blood 
glucose is 137.0, HDL cholesterol is 148.6, and triglycerides is 160.4.

Causal effects of MetS on low back pain
For essential hypertension, the IVW method (Table 2) indicates a potential causal effect on low back pain with 
an OR of 2.38 (95% CI 1.42–3.96; P_adj = 0.002) (Figs.  2A and 3A). Even after FDR adjustment, the causal 
association remains significant. Similarly, the Weighted Median method supports the causal inference between 
essential hypertension and low back pain (Table 2). Cochran’s Q test indicated potential heterogeneity, while 
MR-Egger did not detect pleiotropy (Table 3). MR-PRESSO analysis identified two outliers potentially causing 
pleiotropy (Table 4). After excluding these outliers, a reanalysis still found significant association (Supplementary 
Table 3). Moreover, Cochran’s Q test still suggested heterogeneity (Supplementary Table 4), and MR-PRESSO 

Traits GWAS ID N (case/control) Number of SNPs

Metabolic syndrome GCST009602 59,677/231,430 9,463,307

Waist circumference ebi-a-GCST90014020 407,661 10,783,687

Essential hypertension ukb-b-12493 54,358/408,652 9,851,867

Fasting blood glucose (FBG) ebi-a-GCST90002232 200,622 31,008,728

HDL cholesterol ebi-a-GCST002223 94,595 2,418,527

Triglycerides ebi-a-GCST002216 94,595 2,410,057

Low back pain M13_LOWBACKPAIN 42,521/ 353,224 20,993,082

Table 1.  Data sources. SNP: single nucleotide polymorphism.
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analysis indicated ongoing pleiotropy effects, though no significant outliers were detected (Supplementary Table 
5). The funnel plot and leave-one-out plot also demonstrated the robustness of the analyses (Supplementary 
Fig. 1A and 2A).

As shown in Table 2, we found no causal association between fasting blood glucose (FBG) and low back pain. 
The Cochran’s Q test indicated the absence of heterogeneity among the instrumental variables (IVs) (Table 3), 
and no pleiotropy was detected by MR-Egger and MR-PRESSO analyses (Tables 3 and 4) (Figs. 2B and 3B). The 
funnel plot and leave-one-out plot both suggest the reliability of our results (Supplementary Fig. 1B and 2B).

For HDL cholesterol, the IVW analyses indicated the lack of a causal relationship between HDL cholesterol 
and low back pain (Table 2) (Figs. 2C and 3C). However, significant heterogeneity was detected, with no significant 
pleiotropic effect (Table 3) (Supplementary Fig. 1C). An outlier correction in the MR-PRESSO analyses did not 
reach statistical significance (Table 4). The leave-one-out plots suggested that there was no abnormal IV in this 
analysis (Supplementary Fig. 2C).

In the case of metabolic syndrome, the IVW method produced an OR of 1.05 (95% CI 1.01–1.10; P_
adj = 0.023), with similar non-significant results from other methods (Table 2). The scatter plot and forest 
plot also indicate the association with low back pain (Figs. 2D and 3D). Cochran’s Q test indicated potential 
heterogeneity, while MR-Egger did not detect pleiotropy (Table 3). MR-PRESSO analyses identified four outliers 
potentially causing pleiotropy (Table 4). After excluding these outliers, a reanalysis still found significant causal 
association (Supplementary Table 3). Moreover, Cochran’s Q test still suggested heterogeneity (Supplementary 
Table 4), and MR-PRESSO analysis indicated ongoing pleiotropy effects, though no significant outliers were 
detected (Supplementary Table 5). Funnel plots (Supplementary Fig. 1D) indicate the absence of heterogeneity 
and pleiotropy in our results. The leave-one-out plots suggested that our results were not driven by a single SNP 
(Supplementary Fig. 2D).

IVW analysis showed that triglycerides have no significant causal effect on low back pain across all MR 
methods used (Table 2) (Figs. 2E and 3E). The Cochran’s Q test indicated potential heterogeneity, while MR-
Egger did not detect pleiotropy (Table 3). MR-PRESSO analyses did not identify any outliers potentially 
causing pleiotropy (Table 4). The funnel plot suggests that the causal estimate was not influenced by any bias 
(Supplementary Fig.  1E), and the leave-one-out plot confirmed the reliability of our results (Supplementary 
Fig. 2E).

For waist circumference, the initial analysis revealed a significant association between waist circumference 
and low back pain, with an odds ratio (OR) of 1.41 (95% CI 1.30–1.53, P_adj < 0.001) (Table 2), which was 
also supported by the scatter plots (Fig. 2F) and forest plots (Fig. 3F). The Cochran’s Q test indicated potential 
heterogeneity, while MR-Egger did not detect pleiotropy (Table 3). MR-PRESSO analyses identified three 
outliers potentially causing pleiotropy (Table 4). After excluding these outliers, a reanalysis still found a 
significant association (Supplementary Table 3). Moreover, Cochran’s Q test still suggested heterogeneity 

Exposure Outcome nsnp Method or_ci pval fdr

Diagnoses—secondary ICD10: I10 Essential (primary) hypertension Low back pain 69 Inverse variance weighted 2.3804 (1.4281–3.9677) 0.0009 0.002633

Diagnoses—secondary ICD10: I10 Essential (primary) hypertension Low back pain 69 MR Egger 0.427 (0.0678–2.688) 0.3679 0.98935

Diagnoses—secondary ICD10: I10 Essential (primary) hypertension Low back pain 69 Weighted median 2.0149 (1.1046–3.6754) 0.0223 0.067047

Diagnoses—secondary ICD10: I10 Essential (primary) hypertension Low back pain 69 Weighted mode 1.9074 (0.4627–7.8632) 0.3747 0.515003

Fasting glucose Low back pain 64 Inverse variance weighted 0.916 (0.8282–1.013) 0.0877 0.131517

Fasting glucose Low back pain 64 MR Egger 1.0492 (0.878–1.2537) 0.5993 0.98935

Fasting glucose Low back pain 64 Weighted median 1.0538 (0.9128–1.2165) 0.4748 0.474779

Fasting glucose Low back pain 64 Weighted mode 1.0451 (0.9158–1.1928) 0.515 0.515003

HDL cholesterol Low back pain 86 Inverse variance weighted 0.9835 (0.9339–1.0358) 0.5293 0.546121

HDL cholesterol Low back pain 86 MR Egger 0.9932 (0.9123–1.0813) 0.875 0.98935

HDL cholesterol Low back pain 86 Weighted median 0.9696 (0.913–1.0296) 0.3135 0.436069

HDL cholesterol Low back pain 86 Weighted mode 0.9774 (0.9283–1.0292) 0.388 0.515003

Metabolic syndrome Low back pain 82 Inverse variance weighted 1.0563 (1.0121–1.1025) 0.012 0.023999

Metabolic syndrome Low back pain 82 MR Egger 1.0006 (0.9155–1.0936) 0.9894 0.98935

Metabolic syndrome Low back pain 82 Weighted median 1.0437 (0.9977–1.0917) 0.0629 0.125752

Metabolic syndrome Low back pain 82 Weighted mode 1.0208 (0.9683–1.0761) 0.447 0.515003

Triglycerides Low back pain 54 Inverse variance weighted 1.0184 (0.9598–1.0806) 0.5461 0.546121

Triglycerides Low back pain 54 MR Egger 1.0105 (0.9159–1.1149) 0.8356 0.98935

Triglycerides Low back pain 54 Weighted median 1.0367 (0.9592–1.1205) 0.3634 0.436069

Triglycerides Low back pain 54 Weighted mode 1.048 (0.9717–1.1303) 0.2293 0.515003

Waist circumference Low back pain 306 Inverse variance weighted 1.4196 (1.3097–1.5388) 1.60E-17 9.63E-17

Waist circumference Low back pain 306 MR Egger 1.5084 (1.1925–1.908) 0.0007 0.004146

Waist circumference Low back pain 306 Weighted median 1.3945 (1.2409–1.5671) 2.34E-08 1.41E-07

Waist circumference Low back pain 306 Weighted mode 1.4863 (1.1933–1.8512) 0.0005 0.002804

Table 2.  MR estimates for the causal effect.
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(Supplementary Table 4), and MR-PRESSO analysis indicated ongoing pleiotropy effects, though no significant 
outliers were detected (Supplementary Table 5). The funnel plots (Supplementary Fig. 1F) and leave-one-out plot 
(Supplementary Fig. 2F) further confirmed the robustness of our results.

Discussion
In this study, the causal relationship between components of metabolic syndrome and low back pain was 
explored by two-sample MR Analysis using the latest Finnish R12GWAS data for low back pain. Among the 
various metabolic factors explored, essential hypertension, metabolic syndrome, and waist circumference 
emerged statistically significant, underscoring their potential role in the etiology of low back pain.

Consistent with broader epidemiological evidence, our findings align with studies that have highlighted 
a correlation between abdominal obesity and low back pain. An 11-year longitudinal study demonstrated an 
increased risk of low back pain associated with abdominal obesity, defined by waist circumference38. A cross-
sectional study found a 46% increase in radicular pain among participants with abdominal obesity39, and 
research comparing individuals with and without nonspecific low back pain identified abdominal adiposity as 
a significant and independent factor in the severity of pain40. Australian research observed notable correlations 
between the abdominal-to-lumbar adiposity ratio and self-reported pain41. The accumulation of adipose 
tissue in the abdominal region might impose mechanical strain on the lower back and augment the risk of 
pain. Additionally, the inflammatory milieu associated with abdominal adiposity could intensify nociceptive 
processes, exacerbating pain perception.

However, not all studies corroborate these findings. For instance, one MR study investigating BMI and 
obesity-related traits found no statistically significant results for waist circumference in relation to low back 
pain42. This discrepancy may arise from differences in study designs, such as variations in sample sizes, or 
the genetic instruments employed, which can influence the strength and detection of causal relationships. 
Furthermore, twin studies have indicated a larger waist-to-hip ratio to be associated with a lower prevalence 
of chronic low back pain (OR 0.67; 95% CI 0.47–0.94), without a discernible impact on waist circumference43. 
These discrepancies may reflect variations in population characteristics and methodologies used across studies, 
indicating the complexity of genetic and environmental interactions influencing low back pain.

Our findings also revealed a causal relationship between essential hypertension, metabolic syndrome, and 
low back pain, which has been corroborated by observational clinical studies. For example, a cross-sectional 
study revealed an independent association between metabolic syndrome and disability due to low back pain 

Fig. 2.  Scatter plots of MR analysis between metabolic syndrome and low back pain: Essential (primary) 
hypertension (A), Fasting glucose (B), HDL cholesterol (C), metabolic syndrome (D), Triglycerides (E), and 
Waist circumference (F).
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among care workers44. Distinct differences were noted in BMI, age, waist circumference, and disease duration 
between chronic low back pain patients with and without metabolic syndrome45. A large-scale study involving 
139,002 individuals showed a positive correlation between newly diagnosed type 2 diabetes and the incidence of 
chronic low back pain (HR = 1.23, 95% CI 1.13 to 1.35)46. Research from Korea suggested a negative correlation 
between hypertension and the prevalence of low back pain (OR 0.79; 95% CI 0.70–0.90)47, while a cross-sectional 

Fig. 3.  Forest plots of MR analysis between metabolic syndrome and low back pain: essential (primary) 
hypertension (A), Fasting glucose (B), HDL cholesterol (C), metabolic syndrome (D), Triglycerides (E), and 
Waist circumference (F).
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study found significant relationships between hypertension and increased intensity and duration of low back 
pain48. These associations might be underpinned by shared genetic loci or metabolic pathways influencing both 
metabolic syndrome components and low back pain.

Conversely, the lack of significant associations for factors such as fasting blood glucose, HDL cholesterol, 
and triglycerides suggests that while these are integral to metabolic syndrome, they may not directly influence 
the etiology of low back pain in a genetic context. Although no statistically significant differences were observed 
for the other exposures, certain clinical studies have underscored the need for continuing exploration into 
the multifaceted nature of these association. In a Japanese middle-aged population, low HDL-C and high 
LDL-C/HDL-C ratios were significantly associated with low back pain16. Furthermore, the intensity of pain in 
low back pain patients correlated with higher BMI, serum total cholesterol, and triglyceride levels49,50. These 
findings suggest that metabolic factors might influence low back pain through mechanisms that are not directly 
detectable through genetic associations. For example, metabolic dysregulation could lead to inflammatory 
states that exacerbate pain sensations, or it might alter biomechanical properties of the musculoskeletal system, 
thereby increasing vulnerability to pain. Moreover, the interplay of metabolic and lifestyle factors such as diet 
and physical activity might modulate these effects, complicating the causal pathways.

Building upon established epidemiological evidence, a more prominent role of abdominal obesity over 
general obesity has been suggested in the risk of developing various health conditions, including cardiovascular 
diseases, major adverse cardiac events, and metabolic syndrome51,52. Furthermore, abdominal obesity has been 
implicated in the accelerated decline of muscle strength and a significant increase in spinal loading53. Adipose 
tissue, now recognized as an endocrine organ, exhibits increased secretion of pro-inflammatory cytokines such 
as tumor necrosis factor-alpha (TNF), interleukin-6 (IL-6), and interleukin-1 beta (IL-1β) when hypertrophied, 
potentially leading to a state of chronic low-grade inflammation54. Additionally, individuals with obesity often 
have elevated levels of C-reactive protein (CRP)55, a marker not only indicative of the pro-inflammatory state 
associated with obesity but also a highly sensitive systemic marker of inflammation and tissue damage56. This is 
due to injured tissue summoning immune cells like macrophages and neutrophils, which play a pivotal role in 
tissue healing. Such inflammatory processes could contribute to the pathogenesis of low back pain, offering a 
potential explanation for the observed association between waist circumference and this condition.

The potential impact mechanisms linking obesity and pain perception may also involve shared genetic loci 
that influence both fat distribution and sensitivity to pain. Recent studies suggest that certain genes implicated 
in the metabolic processing of fats are also involved in the neurological pathways that modulate pain perception, 
highlighting a complex genetic interplay that could predispose individuals to both obesity and heightened 
pain sensitivity57,58. Additionally, essential hypertension and metabolic syndrome may influence low back pain 
through several mechanisms. For instance, systemic hypertension could impair vascular supply to the lumbar 
region, exacerbating degenerative changes in the spine and leading to increased pain15. Metabolic syndrome, 
characterized by a cluster of conditions including high blood pressure, high blood sugar, excess body fat around 
the waist, and abnormal cholesterol levels, could similarly contribute to musculoskeletal stress and inflammation, 
thus aggravating or initiating low back pain59.

Exposure Outcome

Raw Outlier corrected

Global P

Number 
of 
outliers

Distortion 
POR (CI%) P OR (CI%) P

Diagnoses—secondary 
ICD10: I10 Essential 
(primary) hypertension

Low back pain 2.4736 (1.4904–4.1054) 0.000803744 2.1012 (1.323–3.337) 0.002455528  < 1e-04 2 0.3857

Fasting glucose Low back pain 0.9286 (0.8407–1.0257) 0.149293294 NA (NA–NA) NA 0.0882 NA NA

HDL cholesterol Low back pain 0.9839 (0.9346–1.0358) 0.537296263 0.9804 (0.9353–1.0277) 0.413167843  < 1e-04 2 0.8814

Metabolic syndrome Low back pain 1.0612 (1.0168–1.1075) 0.007827615 1.0678 (1.0301–1.1068) 0.000593184  < 1e-04 4 0.7221

Triglycerides Low back pain 1.0184 (0.9598–1.0806) 0.54869538 NA (NA–NA) NA 0.0039 NA NA

Waist circumference Low back pain 1.4057 (1.2987–1.5217) 1.26E-15 1.3717 (1.2703–1.4811) 1.48E-14  < 1e-04 3 0.5067

Table 4.  MR-PRESSO.

 

Exposure Outcome

Heterogeneity Pleiotropy

Q statistic (IVW) P value MR-Egger Intercept P value

Diagnoses—secondary ICD10: I10 Essential (primary) hypertension Low back pain 132.6923 4.52E-06 0.009731 0.061399

Fasting glucose Low back pain 77.23631 0.10711195  − 0.00378 0.077132

HDL cholesterol Low back pain 174.3975 3.97E-08  − 0.00063 0.776416

Metabolic syndrome Low back pain 188.6912 1.41E-10 0.004155 0.177566

Triglycerides Low back pain 85.69918 0.002972018 0.000466 0.845964

Waist circumference Low back pain 585.2585 7.03E-20  − 0.00104 0.590409

Table 3.  Heterogeneity and pleiotropy. IVW: inverse variance weighted.
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This study’s primary limitation lies in its reliance on observational data for genetic instruments, which may 
not capture all nuances of the metabolic syndrome components’ effects on low back pain, potentially overlooking 
gene-environment interactions. Additionally, the MR analysis assumes no pleiotropy, an assumption that might 
not hold for all genetic variants used. Despite these constraints, the study’s major strength is its innovative 
use of a two-sample Mendelian Randomization approach, offering a robust framework to infer causality by 
leveraging large-scale GWAS data. The analysis relies on the random effects IVW method, designed to account 
for variability among genetic instruments, though showing heterogeneity. Initial analyses identified potential 
pleiotropic outliers; however, removing these did not alter the results, affirming the reliability of our findings. 
While F-statistics for most exposures exceed 10, indicating strong instruments, some exposures may still be 
susceptible to weak instrument bias. The study predominantly used data from European populations, mainly 
British and Finnish cohorts, raising questions about the applicability of the findings to other ethnic groups due 
to different genetic and environmental interactions. Additionally, the study does not address survival bias or 
age-related heterogeneity in the effects of metabolic syndrome, which could influence the results’ generalizability 
and interpretation.

Conclusions
These findings suggest that hypertension and abdominal obesity (as indicated by waist circumference) may play 
key roles in the development of low back pain, potentially through metabolic and cardiovascular mechanisms. 
These findings provide a new perspective on the prevention and treatment of low back pain, emphasizing the 
need to focus on metabolic health—particularly hypertension and abdominal obesity—in clinical practice. They 
also suggest that future research should further explore the underlying mechanisms.

Data availability
All data generated or analysed during this study are included in this published article.
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